A quantifiable kinematic characterisation of hand function by Pham, Hai Trieu
A Quantifiable Kinematic
Characterisation of Hand Function
by
Trieu H. Pham
M.Eng.
Submitted in fulfilment of the requirements for the degree of
Doctor of Philosophy
Deakin University
August 2016


Table of Contents
Table of Contents i
List of Tables iii
List of Figures iv
Acknowledgements vi
Abstract vii
Relevant Publications & Patent ix
1 Introduction 1
1.1 Motivation and Aim . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Contributions of the thesis . . . . . . . . . . . . . . . . . . . . . 3
1.3 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 Brief description of hands . . . . . . . . . . . . . . . . . . . . . 5
1.5 Instruments to measure range of motion . . . . . . . . . . . . . 6
1.5.1 Universal goniometer . . . . . . . . . . . . . . . . . . . . 7
1.5.2 Electrogoniometer . . . . . . . . . . . . . . . . . . . . . . 7
1.5.3 Photography and Video Recording Equipment . . . . . . 7
1.5.4 Radiographic Equipment . . . . . . . . . . . . . . . . . . 7
1.6 Motion capture devices . . . . . . . . . . . . . . . . . . . . . . . 8
1.6.1 Kinect . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.6.2 Leap Motion Controller . . . . . . . . . . . . . . . . . . 10
1.6.3 Creative Senz3D . . . . . . . . . . . . . . . . . . . . . . 11
1.7 Reachable space of the finger . . . . . . . . . . . . . . . . . . . . 11
2 A system of hand measurement 16
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2 System Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3 Accuracy Improvement of Total Active
Movement and Proximal Interphalangeal Joint Angles . . . . . . 21
2.4 Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
i
2.5 Trial Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.6.1 Concurrence Validity . . . . . . . . . . . . . . . . . . . . 30
2.6.2 Internal Reliability . . . . . . . . . . . . . . . . . . . . . 31
2.6.3 Time Efficiency . . . . . . . . . . . . . . . . . . . . . . . 34
2.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3 Quantification of finger functional range of movement via reach-
able space 38
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.2 Boundary of the reachable space . . . . . . . . . . . . . . . . . . 41
3.3 Quantifying the reachable space . . . . . . . . . . . . . . . . . . 49
3.4 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . 53
3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4 Deducing the reachable space from fingertip position 62
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.2 The Reachable Space and Constraints . . . . . . . . . . . . . . . 63
4.3 Inverse Kinematics and Configurations of the joint angles of the
hand . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.4 Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
5 Summative Scoring to evaluate hand kinematic 69
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.2 Material and Methods . . . . . . . . . . . . . . . . . . . . . . . 71
5.2.1 Spatial Score . . . . . . . . . . . . . . . . . . . . . . . . 71
5.2.2 Normalised Spatial Score . . . . . . . . . . . . . . . . . . 75
5.2.3 Temporal Score . . . . . . . . . . . . . . . . . . . . . . . 76
5.2.4 Elbow Points . . . . . . . . . . . . . . . . . . . . . . . . 78
5.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . 80
5.3.1 Characteristics of the Scoring Mechanism . . . . . . . . . 80
5.3.2 Ability to Discriminate Trajectories with Real Data . . . 83
5.3.3 A Scoring Mechanism for Evaluation of Human Kine-
matic Performance . . . . . . . . . . . . . . . . . . . . . 84
5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6 Conclusion 88
Bibliography 91
ii
List of Tables
1.1 Normal active ROM of finger according to American Society for 13
2.1 Number of configurations for 6 groups of TAM . . . . . . . . . . 26
2.2 Comparison between the proposed system and a goniometer . . 30
2.3 The internal reliability of the proposed system . . . . . . . . . . 32
2.4 Comparison of the consistency of the proposed system and . . . 34
2.5 Average time of measurement per joint. . . . . . . . . . . . . . . 34
3.1 Task-specific positions of the joints of the hand: Fingers . . . . 56
3.2 Range of movement of participant 6th, 7th and 10th . . . . . . . 58
3.3 Comparison of execution time between explicit method and . . . 59
3.4 Reachable space areas are computed by SLF and explicit method 60
4.1 The range of movement of a normal hand (static constraints) . . 64
4.2 Average, standard deviation and the range of 99.7% population of 65
4.3 The range of motion calculated from the motion path . . . . . . 67
5.1 Simulation results . . . . . . . . . . . . . . . . . . . . . . . . . . 81
5.2 The confusion matrix of recognition result for SS method . . . . 84
5.3 The comparison of recognition rate between our approach and . 84
5.4 The comparison of experimental results between different . . . . 84
iii
List of Figures
1.1 Main division on the (right) human hand [1] . . . . . . . . . . . 5
1.2 A Microsoft Kinect sensor . . . . . . . . . . . . . . . . . . . . . 8
1.3 The RGB image (a) and the depth image (b) from a Kinect . . 9
1.4 A Leap Motion controller on working mode . . . . . . . . . . . . 10
1.5 A Leap Motion controller on working mode . . . . . . . . . . . . 11
1.6 Parametric description for the index finger. . . . . . . . . . . . . 12
1.7 Simulation of reachable space of fingertips for a normal hand . . 15
2.1 Position of the phalangeal joints. . . . . . . . . . . . . . . . . . 17
2.2 For a fixed base position of the metacarpal phalangeal joint . . . 19
2.3 The Creative Senz3D camera. . . . . . . . . . . . . . . . . . . . 20
2.4 Setup of the measurement system. . . . . . . . . . . . . . . . . . 21
2.5 Geometry model of the finger. . . . . . . . . . . . . . . . . . . . 22
2.6 Simulation results for the accuracy improvement of the TAM . . 27
2.7 The left hand of the man was measured by our system. . . . . . 28
2.8 Extension and flexion positions of the hand in the tracking . . . 29
2.9 The ROM of MCP, PIP and DIP measured by the proposed system 31
2.10 The range of motion (ROM) of MCP, PIP and DIP measured . 33
3.1 Finger model in finger plane. . . . . . . . . . . . . . . . . . . . . 44
3.2 Reachable space of fingertips in 2 dimensions is built using . . . 48
3.3 Measurement results of three declination angles of index finger . 53
3.4 Measurement results of three declination angles are represented 54
3.5 Measurement results represented in the form of a reachable space 55
3.6 The task-specific subspaces associated with the task-specific . . 57
3.7 Range of movements of participant 6th, 7th, 10th and functional 57
3.8 Range of movements of participant 6th, 7th, 10th and functional 59
4.1 Parametric description for the index finger. . . . . . . . . . . . . 64
iv
4.2 The motion path acquired from LMC and the corresponding . . 67
5.1 Illustrating the need for scale sensitivity. The arm angle of . . . 73
5.2 Spatial score of simple trajectories. . . . . . . . . . . . . . . . . 74
5.3 An Illustration of the elbow concept. Black points are elbow . . 79
5.4 Simulation of linear trajectories . . . . . . . . . . . . . . . . . . 81
5.5 Trajectories of Australian Sign Language: ‘Norway’, ‘alive’, ‘crazy’ 82
5.6 Temporal score of two motions . . . . . . . . . . . . . . . . . . . 86
v
Acknowledgements
This research work would not have been possible without the contribution from
many in various form. While my name may be alone on the front cover of this
thesis, I am by no means its sole contributor. I would like to thank as much as
possible to the people who supported me during my research time at Deakin
University.
First and foremost, I would like to express my sincere gratitude to my prin-
cipal supervisor, Professor Pubudu N. Pathirana, for giving me the opportunity
to work in such an amazing field and also for his guidance, support, encourage-
ment and patience throughout my time as his student. He was a great mentor
and a friend, and I am extremely lucky to have him as my supervisor.
I would also like to extend my appreciation to my co-supervisor, Professor
Hieu Trinh, for his advises during my research. He is not only an excellent
advisor but also a good friend in life. I would like to thank Professor Terry
Caelli for his valuable recommendation at the first glance of the research. Con-
tributions from Professor Won Yonggwan, Professor Nam Phan and Professor
Robin Evans are also valuable for the research.
The clinical trial for validating the proposed methods and system would
have not been possible without continuous effort from Pearse Fay, Caitlyn
Murphy and other staffs at the school of Health and Social Development Oc-
cupational Therapy, Deakin University. Thanks to their effort and advices,
my proposed methods and system were improved and realised under real life
conditions.
This work would not have been possible without funding support from the
NICTA and Deakin University. I am also grateful to the other members of the
NSC lab and Deakin staffs for their endless support and encouragement.
Finally, my greatest appreciation is for my wife and my family to whom
this thesis is dedicated to. They have been a constant source of love, concern,
support and strength all these years.
vi
Abstract
The evaluating kinematic function of the human hand is the primary proce-
dure in the assessment and treatments of the fractured hand. Current practice
involves simply examining individual finger joint range of motion to evaluate
the finger function which is subjective and does not effectively reflect the per-
formance of hands in daily living activities. This thesis focuses on developing
means to evaluate the kinematic function of human hands in relation to the
ability to perform daily living activities. In addition, addressing subjectivity
in evaluating the kinematic function of human hands is also one of the core
contributions.
Firstly, to address subjectivity and to standardise measurement approach,
for the first of its kind, a non-contact measurement system utilising Intel Per-
ceptual Technology and Senz3D camera for measuring finger joint angles was
developed. To enhance the accuracy of the system, an equation between the
actual angle and the measured value of the proximal interphalangeal joint an-
gle was established through the measured value of the total active motion, in
order to infer the actual angle. A computer simulation of the proposed method
successfully recovered the actual position of the proximal interphalangeal joint
angles. Further, the clinical applicability of the system is confirmed in a trial
including 40 healthy subjects.
Next, we proposed a method to quantify the reachable space of fingers. The
method based on the fingertip locations and trajectory provide a more effective
representation of the flexibility of hands because many dexterous daily activ-
ities are determined by fingertip trajectories rather than finger joint angles.
We provided explicit formulas mathematically determining the reachable space
boundary of fingers. Greens theorem is used to deduce the corresponding capac-
ity formula for the size of reachable spaces as opposed to an implicit numerical
solution. Using this new mechanism, we accurately quantify and compare the
vii
reachable space of different subjects in order to effectively compare the func-
tionality of fingers. In our experiments, the execution time to capture reachable
spaces is significantly less than that for the standard kinematic feed-forward
method. The computational cost for quantifying the reachable space capacity
is also significantly improved in comparison to Monte-Carlo simulation method.
Lastly, we proposed a summative approach using a double integral to define
the closeness between two trajectories typically generated by hand movements.
This approach can be considered as a spatial scoring mechanism in the eval-
uation of human hand kinematic performance. Several experiments based on
computer simulations as well as real data were set up to examine the perfor-
mance of the proposed approach. The results demonstrated better character-
ization of the movement assessment than Gaussian mixture models and pose
normalisation methods employed in common motion recognition tasks.
In summary, the main contributions of this thesis include proposition of
a hand measurement system with enhanced accuracy, derivation of formulas
to determine the boundary and the size of finger reachable spaces, and the
introduction of an approach to define the closeness between two hand motions.
This provides a complete solution to measure and quantify hand kinematic
function which can be applied in clinical scenarios in order to reduce treatment
time and also to deliver a better finger functionality assessment.
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Chapter 1
Introduction
1.1 Motivation and Aim
Our hands are essential for core human functions: touching, grasping, feeling,
holding, manipulating, caressing, etc. Due to this important role in daily activ-
ities, hand functional status has become increasingly important to determine
the quality of life. A typical hand assessment judges the extent of function
loss, or how a patient uses his or her hand to accomplish daily activities in
spite of limitation and functional disability. The fact is, no single assessment
method can be recommended for all clinical uses, and there is no gold stan-
dard to assess the hand function due to many variables that can affect the
functionality of the hand [2]. Thus, many types of functional hand assessment
method are currently being used; ranging from simple to complex, quantitative
to non-quantitative, and standardised to non-standardised. However, most of
the clinical assessment of “function” have focused on the range of motion, grip
or pinch strength (impairment), and subjective assessment of daily living ac-
tivities (disability). Dexterity and coordination performance of the hand can
be evaluated either with some pegboards or with some daily living activities
which require dexterity [3].
The evaluation of the range of motion is a crucial component in hand func-
tion assessment. Limitation in movement severely impairs the functionality of
the hand, and hence thorough evaluation of the range of motion carries great
importance. The range of motion evaluation consists of active and passive
motion measurements. Active motions refer to motions achieved by patient’s
muscle strength while passive motions refer to the freedom of motion when an
external force is applied. Initially, active range of motion is firstly evaluated
1
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followed by the passive range of motion. If a patient is capable of doing a full
range of active motion, passive range of motion evaluation becomes unneces-
sary.
The range of motion evaluation can be achieved with or without goniometry.
Historically, subjective visual examinations have been used to examine the
range of motion, and subsequently, goniometers were used to measure the joint
range of motion of the hand [4] in a more quantitative form. Using goniometry
improves the reliability of evaluations even though not many studies support
this statement [5]. Despite widely used by clinicians and other advantages,
goniometry evaluation falls short of obtaining a complete dextral profile. In
measuring joint movement in which two joints are involved, the second joint
should be placed in a shortened position demonstrating that hand movement
is not just simply summing measured declination angles or even separately
considering each angle as per the current practice [6,7]. Thus, a more effective
tool to describe the range of motion of the hand should be investigated.
Measuring joint range of motion using goniometers relies on examiners’ skill
of using the apparatus. Although intra-observer reliability is high when using
goniometers, measurements in several cases should be taken by the same ex-
aminer. Over the past decades, measurement instruments have become very
sophisticated and integrated with the latest technologies [5, 8]. However, in-
struments, including universal goniometer, electro-goniometer, optical fibre go-
niometer, Vicon and accelerometer integrated smartphones, require physical
contact with the finger to achieve the best accuracy. Injuries, such as burns,
wounds, lacerations or even dermatological conditions, can cause difficulties
with these assessment tools, and increase the risk of infection or discomfort.
Recent debuts of infra-red motion capture sensors for gaming and human-
computer interface promise a better means for these types of measurement.
Although these devices are portable and do not require physical contact with
the hand, no study has been conducted to examine whether its accuracy is
sufficient for standard clinical measurements.
Equally as important as range of motion, dexterity must be evaluated in
the assessment of hand function because of its support on the upper limb per-
formance and also on the individual functional independence [9]. Definition of
dexterity has been mentioned by Poirier [10] as “a manual skill requiring rapid
coordination of fine and gross movements based on a certain number of capaci-
ties developed through learning, training and experience.” Criteria to measure
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dexterity are speed and precision. Thus the tests demand a high-level hand-eye
coordination as well as a fine motor control of the hand. There are two types
of dexterity namely finger dexterity and manual dexterity. Finger dexterity is
the ability to make rapid, skilful, controlled, manipulative movements of small
objects in which the fingers are primarily involved while manual dexterity is
the ability to make skilful, controlled, arm-hand manipulations of larger ob-
jects under speed conditions [2]. Evaluation of dexterity can be accomplished
with tests and self-assessment questionnaires such as DHI; Michigan Hand Out-
come Questionnaire (MHQ); Disability of the Arm, Shoulder, and Hand Index
(DASH); Arthritis Hand Function Test (AHFT); Australian/Canadian (AUS-
CAN) Osteoarthritis Hand Index; and ABILHAND manual ability measure
(ABILHAND). Recently, various systems integrated with sensing technology
have been developed to automate the conventional testing scales and to gain
more information from the signals which is more consistent and reliable. In
these systems, movement patterns of patients under the forms of sensing signal
such as 3D motion trajectory are often compared to a healthy subject to find
the closeness and to quantify the function of patient’s hand. Thus, new and
improved algorithms to evaluate the closeness of 3D motion trajectories are
highly in demand.
The objective of this thesis is to address the challenges as mentioned earlier.
Firstly, we examine the usability of infra-red motion capture sensors for the
range of motion measurement in clinics and to develop algorithms to enhance
the accuracy of the device. Then, we investigate a better means of describing
the range of motion of the hand. Finger reachable space has been selected
because of its effective presentation of the flexibility of the hand. Thus, we
need to derive a method to quantify finger reachable spaces. Finally, we aim
to develop a new or to improve existing algorithms to evaluate and quantify
motion patterns of patient’s hand movement in comparison to the healthy
subjects.
1.2 Contributions of the thesis
In order to address challenges, the main contributions are made in this thesis
are as follows.
• We introduces a non-contact measurement system utilising Intel Percep-
tual Technology and Senz3D camera for measuring finger joint angles.
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To enhance the accuracy of the system, an equation between the actual
angle and the measured value of the proximal interphalangeal joint angle
was established through the measured value of the total active motion in
order to infer the actual angle. The Senz3D camera was validated for the
use of the clinical measurement of joint range of motion.
• We provided explicit formulas mathematically determining the reachable
space boundary of fingers. Greens theorem was used to deduce the corre-
sponding capacity formula for the size of reachable spaces as opposed to
an implicit numerical solution. Using this new mechanism, we accurately
quantify and compare the reachable space of different subjects in order
to effectively compare the functionality of fingers. The computational
cost of the proposed method outperformed the conventional numerical
methods.
• We developed an approach to directly deduce the reachable space from
scattered fingertip position acquired from a 3D hand motion tracking.
• We proposed a summative approach using a double integral to define the
closeness between two trajectories typically generated by hand movement.
This approach can be considered as a spatial scoring mechanism in the
evaluation of human hand kinematic performance.
1.3 Thesis outline
The rest of this thesis is structured as follows. The remaining of this chapter
presents the definitions and the preliminary background.
In chapter 2, we present an overview of the non-contact measurement system
utilising Intel Perceptual Technology and Senz3D camera for measuring finger
joint angles. An approach to improve the accuracy of measuring total active
movement and the proximal interphalangeal joint angle was developed. Then, a
computer simulation of the proposed approach is presented. Finally, we present
a clinical trial that we have undertaken to validate the proposed system.
Chapter 3 provides explicit mathematical formulas to determine the reach-
able space boundary of fingers. The size of reachable spaces are determined
through applying Greens theorem to the boundary formulas. Several experi-
ments were conducted to examine the performance of the proposed method.
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Figure 1.1: Main division on the (right) human hand [1]
Chapter 4 proposed an approach to deduce the reachable space from only
the fingertip positions. Firstly, the forward kinematic model of the finger is
utilized to deduce the reachable space. Next, the multi-constraints inverse
kinematics are presented to find a configuration of finger joint angles and its
neighborhood to determine all possible corresponding solutions for a specific
fingertip position.
Chapter 5 presents a summative approach using a double integral to define
the closeness between two trajectories typically generated by the hand move-
ment. Several experiments based on computer simulations as well as real data
were set up to examine the performance of the proposed approach.
Chapter 6 summarises the main contributions and its significance and raises
possible future work in assessment of hand function from an engineering per-
spective.
1.4 Brief description of hands
A hand is an organ located at the end of the forearm of humans. Hands are
multi-fingered and prehensile. Fingers contain the most nerve endings on the
body. Hence they are the richest source of tactile feedback and possess the
greatest positioning capability of the human body. Like other parts of the
body, each hand is dominantly controlled by the opposing brain hemisphere.
Thus the preferred hand side in single-handed activities reflects individual brain
function.
Human hands comprise of five fingers and 27 bones. Each human hand has
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eight carpal, five metacarpal and 14 phalangeal (proximal, intermediate and
distal) bones. The four fingers and thumb of the hand are numbered I-V (from
thumb to little finger). Each of four fingers has three phalanx bones: proximal,
middle, and distal while the thumb only has two phalanx bones: proximal and
distal. The articulations of the hand consist of interphalangeal articulations of
hand (the hinge joints between the bones of the digits), metacarpophalangeal
joints (where the digits meet the palm), intercarpal articulations (where the
palm meets the wrist), and wrist (may also be viewed as belonging to the
forearm).
Although phalangeal bones are small, a broken (fractured) finger is not
considered a minor injury. When the bones line up precisely in a normal hand,
they allow us to perform a number of activities, such as writing, grasping a cup,
or to manipulate a small ball in our palm. When a finger bone is fractured, it
might cause our whole hand to be out of alignment. The broken finger needs
to be treated to eliminate stiffness and pain.
Generally, a finger is fractured due to an injury to the hand. A finger can be
broken when people slam their fingers in a door, when they put out their hand
to break a fall or when the finger jams while trying to catch a ball. Negligent
use of power saws, drills, and other tools can also result in a fractured finger.
1.5 Instruments to measure range of motion
Joint range of motion is an essential part of human movement. In order to
perform activities efficiently with minimal effort, full range of motion across
the joints is crucial. Full range of motion across a joint involves two component
namely the joint range of motion and the muscle length [11].
Historically, the visual approximation was nominated to examine the range
of motion (ROM) as reported in 1918 [4]. In the 1960s, a report published by
the American Academy of Orthopaedic Surgeons (AAOS) suggested that visual
estimation is as good as, or better than, goniometric measurement [12]. Rowe
et al. [13] who agreed with this opinion claimed that visual estimation shined
when bony landmarks were difficult to see or to palpate. However, none of
these authors provided convincing evidence to support their statements. More
recently, Watkins et al. [14] reported that goniometers were more reliable than
visual estimation. This opinion was shared by Youdas et al. who reported that
the accuracy of measurement was better when using instruments than when
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using visual estimation in [15,16].
1.5.1 Universal goniometer
The use of the universal goniometer to measure the range of motion was firstly
reported in French medical literature in the 1900s [17]. Although many variants
of the goniometer have been proposed and developed over the years [18–26],
today’s universal goniometer is slightly different from the instrument described
by Clark et al. in 1920 [19].
1.5.2 Electrogoniometer
Electrogoniometers, which convert measuring angles of the joint into the elec-
tric signal, debuted in the 1950s [27]. Vary of goniometers has been modified
to produce new electrogoniometers as reported in [28–31]. While some designs
of the instruments are bulky, others are very compact and portable. Although
electrogoniometers are capable of measuring dynamic movement, these devices
are costly and not easy to use without proper training. Thus, electrogoniome-
ters are mainly used in research applications.
1.5.3 Photography and Video Recording Equipment
Since 1945, photography has been used to capture range of motion [32,33] and
remains in use today [34,35]. While photography has been reported to be more
accurate than the conventional methods of goniometry in measuring the range
of motion [35], photography in practical requires more time and effort than the
standard methods in the normal clinical situation. Video recording techniques
have also been used to record the joint range of motion [34, 36–38]. Although
many commercial motion analysis systems are available, the use of such systems
in clinical settings is rare due to its expensive cost and cumbersomeness.
1.5.4 Radiographic Equipment
Radiographic measurement is considered the gold standard of measuring joint
range of motion. All other techniques of measuring joint range of motion includ-
ing goniometer techniques are compared against with radiographic techniques.
Radiographic techniques have also been used to examine the amount and type
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Figure 1.2: A Microsoft Kinect sensor (version 2014)
of motion occurring at various joints [39–45]. However, the routine use of ra-
diographic techniques for measuring joint range of motion is not recommended
because of concerns about repeated exposure to radiation and its expensive
costs.
1.6 Motion capture devices
In recent years, a number of compact and affordable optical motion capture de-
vices have been developed and commercialised. These products include ASUS R©
Xtion PRO LIVE, Microsoft Kinect R©, Leap Motion R© controller and Intel R© Cre-
ative Senz3D. Most of these devices are equipped with infra-red sensors and
modern machine learning algorithms to recognise human body movements. In-
deed, 3D coordinates of human parts can be located fast and accurately which
resulted in the use of these equipment in many applications of various areas.
1.6.1 Kinect
The Microsoft Kinect made its debut in 2010 with Xbox 360 for gaming pur-
pose, but many scientists recognised its abilities are useful for other applications
particularly in rehabilitation area. The first version of Kinect features a depth
sensor provided by an Israeli company named “PrimeSense”. Fig. 1.2 shows
the location of an infrared projector, an infrared camera, a normal RGB video
camera and microphones on the Kinect body.
The Kinect obtain depth information through structured light principle,
which is a pattern of bright spots projected from the surface of an object [46].
These “bright spots” are infrared light and invisible to human eyes directly. In
addition, the Kinect use two other techniques to further process the infrared
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(a) The RGB image of a workspace
(b) The depth image of the workspace
Figure 1.3: The RGB image (a) and the depth image (b) from a Kinect (version
2014) of a working corner
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Figure 1.4: A Leap Motion controller on working mode
image to generate depth maps. Those are depth from focus and depth from
stereo [47]. The principle of the former technique is the further the object is,
the more blurred it will be [48]. The latter technique uses parallax to estimate
depth information. A sample of depth image is shown in Fig. 1.3
Various studies have been conducted to investigate the usability of Kinect
sensors for clinical and in-home use. While some studies heavily focused on the
absolute accuracy of Kinect sensors [49–51], others are directly more interested
in the effectiveness of Kinect sensors in tele-rehabilitation application [52–54].
Although the accuracy of Kinect sensors and its algorithm of joint tracking
concerned few researchers [50,51], the depth map from the Kinect is adequate
for other researchers to develop and customise their own method particular
applications. Thus, Metcalf et al. [55] used a Kinect sensor to measure the
range of motion of the finger joints with an appropriate setup and protocol.
1.6.2 Leap Motion Controller
The Leap Motion controller is a commercial product developed by Leap Motion R©.
The device provides a human-computer interactive (HCI) method through hand
gestures and finger positions. At the time of writing this thesis, only a part of
the underlying algorithms and mathematical frameworks have been disclosed.
Fig. 1.4 shows a Leap Motion in a working mode. The three light spots on
the Leap Motion controller are IR LEDs. The manufacturer claimed the Leap
Motion could detect the fingertip positions with the accuracy of 0.01 mm.
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Figure 1.5: A Leap Motion controller on working mode
1.6.3 Creative Senz3D
The Creative Senz3D is the first generation of hardware equipped with Intel R©
RealSense
TM
technology. The 3D camera integrates with finger tracking, hand
gestures, facial detection and analysis, and voice recognition. The device was
designed to operate with a closer range than the Kinect, from 15 to 90 cm. A
photo of the Creative Senz3D is shown in Fig. 1.5
1.7 Reachable space of the finger
Concerning the kinematics of the hand, we look at four main bones of each
finger with the anatomical terminology given as metacarpal, proximal pha-
lanx, middle phalanx, distal phalanx. The joint between the metacarpal and
proximal phalanx is named as metacarpophalangeal joint (MCP). Similarly,
the joint between proximal phalanx and middle phalanx is known as proximal
interphalangeal joint (PIP) while the joint between middle phalanx and distal
phalanx is called distal interphalangeal joint (DIP). The joints of the human
hand are classified into three types: flexion, directive or spherical joints, which
consist of one degree of freedom (DOF): extension/flexion, two DOFs: one for
extension/flexion and one for adduction/abduction and three DOFs: rotation.
For each finger and thumb, there are four DOFs. Considering the three DOFs
for the rotation of the wrist, the hand model has 23 DOFs [56].
As the concept of reachable space is closely related to the fingertip posi-
tions, a mathematical model can be used to find the fingertip positions. The
Chapter 1. Introduction 12
Figure 1.6: Parametric description for the index finger.
wrist, metacarpophalangeal joint, proximal interphalangeal joint, distal inter-
phalangeal joint and tip with the letters W, M, P, D and T respectively as
indicated in Fig. 1.6. Assuming that the lengths of the phalangeal bones and
the angles of the phalangeal joints are known and let l1, l2, l3, l4 denote the
lengths of metacarpus, proximal, middle, and distal bones and α, αˆ, β, γ de-
note the angles of the phalangeal joints. Coordinates of joints of the hand are
with respect to the origin positioned on the wrist. Thus, the x-axis lies on the
metacarpus, and its direction is toward the metacarpophalangeal joint, the pos-
itive direction of the z-axis is toward the left of the left hand and the positive
direction of the y-axis is toward the hollow of the palm. In this paper, we use
homogeneous coordinates to ensure calculation simplicity. Denavit-Hartenberg
(D-H) convention, which is widely used in [57–59], is similar to our represen-
tation and uses the same homogeneous coordinates. The fingertip position
presented as a homogeneous vector notation is computed as follows:
pT = TWMRy (αˆ)Rz (α)TMPRz (β)TPDRz (γ)TDT pW . (1.1)
Here the notation is such that TXY is translation matrix withX, Y ∈ {W,M,P,D}
and Rx(θ) is a rotation matrix with rotation angle θ, rotated around the x axis
in the counter-clockwise direction. The translation operator used in (1.1) can
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be given in homogeneous coordinates as:
TWM =

1 0 0 l1
0 1 0 0
0 0 1 0
0 0 0 1

The MCP has two degrees of freedom: extension-flexion and adduction-
abduction. The extension/flexion angle of MCP is denoted by α. The adduc-
tion/abduction angle of MCP is denoted by αˆ. Rz(α) and Ry(αˆ) is the rotation
operator with respects to extension/flexion and adduction/abduction. Rz(β) is
the rotation operator with respects to extension/flexion of PIP. DIP has only
extension/flexion movement. Rz(γ) is the rotation operator with respect to
extension/flexion of the Distal joint. In homogeneous coordinates, the rotation
operator can be given as follows:
Ry (αˆ)Rz (α) =

CαCαˆ −CαˆSα Sαˆ 0
Sα Cα 0 0
−CαSαˆ SαSαˆ Cαˆ 0
0 0 0 1
 ,
Rz(β) =

Cβ −Sβ 0 0
Sβ Cβ 0 0
0 0 1 0
0 0 0 1
 , Rz(γ) =

Cγ −Sγ 0 0
Sγ Cγ 0 0
0 0 1 0
0 0 0 1
 .
Table 1.1: Normal active ROM of finger according to American Society for
Surgery of the hand
Joint Range
MCP 0-100
PIP 0-105
DIP 0-85
Total arc: 0-290
(unit: degree)
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In this approach, we do not use the widely used [55, 60, 61] constraints
between PIP and DIP (Hahn et all, in [62]). Our approach is fundamentally
distinct as we primarily aim at therapy and in this case we cannot assume a
constraint between PIP and DIP for the impaired hand. These constraints are
only for healthy hands. The inclusion of constraints limits the assessment of the
hand to healthy hands. However, impaired hands are major objects in therapy
and assessment. Therefore, with the intention of quantifying the functional
ability of the hand, we remove this constraint in our approach.
The obvious approach is to simulate the full reachable space exhaustively
and compute the fingertip positions for various values of α, αˆ, β, γ within the
specific allowable limits. The limiting values of these parameters for a normal
person are well documented and widely known. According to the American
Society for Surgery of the Hand, the normal range of motion values are given
in Table 1.1. Reachable space derived from computer simulations for a normal
hand is depicted in Fig. 1.7. This section introduces the idea of reachable space
with better visualisation compare to research works by Darling et al. [61] and
Cruz et al. [63]. However, this approach of implicit numerical formations does
not provide sufficient strength to our argument of using the reachable space as
a performance metric especially when it is aimed at therapeutic rehabilitation.
The approach may take a significant amount of time to determine the reach-
able space. Therefore, in chapter 3, we present a more rigorous mathematical
formulation to compute six curves defining the boundary of the reachable space
explicitly.
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Figure 1.7: Simulation of reachable space of fingertips for a normal hand in 3
dimensions based on numbers in Table 1.1
Chapter 2
A system of hand measurement
2.1 Introduction
Our hands play a pivotal role in performing daily activities and interacting with
the surrounding world. Understanding the way that our hands move provides
insight into how daily activities are performed, an integral part in rehabilitation
following hand injuries. Measuring the phalangeal range of motion (ROM) is
an essential part in clinical practices. Medical professionals often use universal
goniometers, inclinometers or electro-goniometers to measure the declination
angles of finger joints to assess the joint movement range [11, 64, 65]. These
joints involve four main bones for each finger: metacarpal, proximal phalanx,
middle phalanx and distal phalanx. The joint between the metacarpal and
proximal phalanx is named the metacarpophalangeal joint (MCP). The joint
between the proximal phalanx and the middle phalanx is called the proximal
interphalangeal joint (PIP), while the joint between the middle phalanx and
the distal phalanx is called the distal interphalangeal joint (DIP). Note that
this description is not true for the thumb. The thumb does not possess a
middle phalanx; hence, it has an MCP and an interphalangeal joint (IP). The
position of each joint and the angles of interest of the finger joints are depicted
in Figure 2.1.
Historically, subjective visual examinations have been used to examine the
ROM, and subsequently, the declination joint angles were measured with uni-
versal goniometers to evaluate ROM [4]. With the development of technol-
ogy, new goniometer models were gradually introduced and improved to assist
clinicians [66–75]. In measuring rotary motions of the forearm and shoulder,
Laupattarakasem et al. [66] introduced an axial rotation gravity goniometer to
16
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Figure 2.1: Position of the phalangeal joints.
improve reliability. In another research work, one of the first two-element optic
fibre goniometers was built using graded-index microlens receivers [67]. The
fibre goniometer was improved in a later study by Donno et al. [71]. When
personal computers became popular and were capable of effortlessly commu-
nicating with a variety of hardware, Barreiro et al. built a computer-based
goniometer, which can directly record declination angle on a personal com-
puter [69]. Researchers also wanted to reduce the production cost of goniome-
ters, such as in Coburn et al.’s study [70], wherein they used remote sensors to
build a goniometer. In more recent research, the development of MoCap (Mo-
tion Capture) systems provided a convenient and accurate approach to evaluate
ROM, such as the use of a Vicon system in Windolf et al.’s study [74] and a
Kinect-based system in Pfister et al.’s study [75]. More interestingly, smart
phones with integrated accelerometer sensors have also been considered [72].
One of the challenges in the current practice is that the assessment tools,
including universal goniometer, electro-goniometer, optical fibre goniometer,
Vicon and accelerometer integrated smart phones, require physical contact
with the finger to achieve the best accuracy. However, injuries, such as burns,
wounds, lacerations or even dermatological conditions, can cause difficulties
with the assessment tool, due to bandages, the risk of infection or discom-
fort. When clinicians align goniometers along phalangeal bones, they need to
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maintain a small gap with the skin or to place the tool on top of the ban-
dage. Both ways are inconvenient and tend to be subjective and error prone.
Another significant challenge is intra- and inter-rater reliability [76]. Studies
into the reliability of universal goniometer report a variance of 7◦–9◦ between
therapists [76,77] when measuring joint angles, leading to a 27◦ difference over
the three joints of a finger. Research has been conducted on the reliability of
universal goniometers and proposed devices [72, 73, 78–83], as reliability is an
important aspect in clinical practice.
Adapting optical measurement systems or computer vision-based approaches
provides a non-contact form of measurement that can address the current chal-
lenges. In recent years, captures of hand movements have attracted attention,
particularly with the development of a number of pervasive devices, such as
the Microsoft Kinect Sensor and the Leap Motion Controller, as they offer bet-
ter solutions in measuring both body and finger movements [84]. More recent
research in this area used a Microsoft Kinect c© to build a 3D skeletal hand
tracking system [85, 86]. Metcalf et al. [55] have recently proposed a Kinect-
based system to capture motion and to measure hand kinematics. However,
Kinect c© is primarily aimed at full body movements and has limitations con-
cerning the accuracy required for finer finger movements. Although the study
claims an accuracy of less than 15◦, the system is not reliable to use in medical
and rehabilitation applications due to a lack of an appropriate level of confi-
dence in the measurements. While developing the system, Metcalf introduced
a hypothesis that for a fixed base position of the metacarpophalangeal (MCP)
joint, there will be only one combination of θMCP , θPIP and θDIP to place
the fingertip into a particular position. While this hypothesis was experimen-
tally verified in their paper, the trial was limited to only healthy personnel.
There is no guarantee that all of the joints and muscles in an injured hand
will follow regular movements and constraints. Moreover, it is clear that the
hypothesis failed on its mathematical standpoint (Figure 2.2). The Leap Mo-
tion Controller is a promising device for hand gesture recognition and fingertip
tracking, but lacks inter-phalangeal joint detection capability necessary for the
underlying medical application. In its hand tracking model, the proximal inter-
phalangeal joint and the distal inter-phalangeal joint are estimated based on
the constraint θDIP =
2
3
θMCP , which is defined only for healthy hands. As
reported by ElKoura et al. [87], this constraint is a rough approximation for
the intricate control of the hand. In his experiments with 20,000 samples, the
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Figure 2.2: For a fixed base position of the metacarpal phalangeal joint M,
there are infinitely many solutions of θMCP , θPIP and θDIP , or in other words,
P and D, to place the fingertip T into a particular position, in addition to the
knowledge of the lengths of the phalangeal bones (l1, l2 and l3).
difference of the value θDIP − 23θMCP ranges from −36◦–42◦ with a 95% con-
fidence level. In hand therapy practice, where impaired hands are the major
objective, the hand tracking model of the Leap Motion Controller cannot be
applied to the finger joint position of injured hands.
In this chapter, we propose a non-contact measurement scheme for the
digits from II–V using a Creative Senz3D camera (Figure 2.3) to improve the
accuracy of current tracking algorithms in estimating finger joint angles. While
Kinect is designed for full body capture, the Creative Senz3D is optimized
for short-range gesture interaction, and so, it is a better alternative for hand
measurements. The remaining parts of this chapter are organized as follows.
Section 2.2 presents an overview of the system, while Section 2.3 presents our
approach to improve the accuracy of the system. Section 2.4 provides computer
simulations of the proposed approach. Sections 2.5 and 2.6 present a trial that
we have undertaken to validate the proposed system.
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Figure 2.3: The Creative Senz3D camera.
2.2 System Overview
The measurement system consists of an affordable optical sensor, Creative
Senz3D, and a computer for data acquisition from the optical sensor (Figure
2.4) and processing. The depth image of the Creative Senz3D has a 640× 480
pixel resolution and a refresh frequency of 30 Hz. The base tracking algorithm
behind the system was first introduced by Melax [85] and later integrated into
the Intel R© Perceptual Computing Software development kit. It uses a convex
rigid model to approximate the hand. Each phalangeal bone of the hand is ap-
proximated by a convex rigid body, with one rigid body to describe the palm.
The rigid hand model is 20 cm long and adjustable to fit most hand dimensions
in order to improve accuracy. Tracking information of the hand is optimized
with our proposed method represented in Section 3. Our proposed approach
improves the accuracy specifically for joint angle measurements, as it is based
on the anatomical structure of the hand.
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Figure 2.4: Setup of the measurement system.
2.3 Accuracy Improvement of Total Active
Movement and Proximal Interphalangeal
Joint Angles
To mathematically describe physiological structure (Figure 2.5), let the wrist
joint, metacarpophalangeal joint, proximal interphalangeal joint, distal inter-
phalangeal joint and tip of the finger plane be denoted by the letters W , M , P ,
D and T , respectively. Let α,β,γ be the declination angles for the metacar-
pophalangeal joint, the proximal interphalangeal joint and the distal interpha-
langeal joint, respectively. Then,
α = arccos
−−−→
WM.
−−→
MP
|−−−→WM |.|−−→MP | , (2.1)
β = arccos
−−→
MP.
−−→
PD
|−−→MP |.|−−→PD| , (2.2)
γ = arccos
−−→
PD.
−−→
DT
|−−→PD|.|−−→DT | . (2.3)
Furthermore, defined in a global co-ordinate frame, let ei, i ∈ [1, · · · , 4]
denote the measurement noise of directions of
−−−→
WM,
−−→
MP,
−−→
PD,
−→
DT , respectively.
Assuming a normal probability distribution, p(ei) ∼ N(0, Qi) for i ∈ [1, · · · , 4],
where Qis are indicating the noise power spectral densities.
Using ˆ to indicate the measured value and 0 to indicate the actual
Chapter 2. A system of hand measurement 22
W M
α
P
β
D
γ
T
a
b
c
de
G
β′
γ′
θ θ′
Figure 2.5: Geometry model of the finger.
value, the measured declination angles can be denoted as follows:
αˆ = α0 + e1 + e2,
βˆ = β0 + e2 + e3, (2.4)
γˆ = γ0 + e3 + e4.
The concept of total active movement (TAM) has traditionally been used
as a means of determining the ROM at the MCP, PIP and DIP joints, and it
has been used in the evaluation of hand performance in many studies [88–91].
The TAM of a finger is defined as:
S = α + β + γ.
Consequently, the TAM denoted as the interim of declination angles can be
stated as,
Sˆ1 = αˆ + βˆ + γˆ = e1 + 2e2 + 2e3 + e4 + α0 + β0 + γ0. (2.5)
Measuring three phalangeal joint angles to calculate the TAM is invari-
ably subject to the four relevant measurement noise inputs (e1, e2, e3 and e4).
Noticing that the TAM can be obtained with lesser measurements (
−−−→
WM and−→
DT ), and so lesser noise (e1 and e4), we now look at the geometry model of the
finger. Through point M , we construct line Md and Me parallel to
−−→
PD and−→
DT , respectively. Consequently, we have βˆ and βˆ′ as one pair of corresponding
Chapter 2. A system of hand measurement 23
angles and γˆ and γˆ′ as another pair of corresponding angles.
βˆ = βˆ′,
γˆ = γˆ′.
Let θ be the angle between
−−−→
MW and Me. θ can be negative if Me is in the
opposite half-plane to the half-plane consisting of P and D. For the purpose of
this chapter, we restrict angles α, β and γ to be within the limits of the normal
ROM of the human finger joints. Let G be the intersection of the lines DT and
WM . As
−→
DT and Me are parallel, ŴGT is equal to θ. Then, it is possible to
achieve the TAM through the measurement of
−−−→
WM and
−→
DT as follows.
S2 = α + β + γ = pi − θ = pi − ŴGT . (2.6)
Angle ŴGT is dependent only on two measurement noise processes.
ŴGT = θˆ = θ0 − e1 − e4.
The advantage of this approach is that it eliminates noise from the mea-
surement of
−−→
MP and
−−→
PD compared to Equation (2.5):
Sˆ2 = pi − θˆ = pi − θ0 + e1 + e4. (2.7)
Exploiting this result, we can improve the accuracy of the proximal inter-
phalangeal joint angle. From Equations (2.5) and (2.6), we represent the first
approach for calculating TAM.
Sˆ1 = e1 + 2e2 + 2e3 + e4 + pi − θ0. (2.8)
From Equations (2.7) and (2.8):
Sˆ1 − Sˆ2 = 2(e2 + e3). (2.9)
From Equations (2.4) and (2.9):
β0 = βˆ− Sˆ1 − Sˆ2
2
. (2.10)
Equation (2.10) shows that we can find the real declination angle for PIP.
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We choose the estimated value β˜ of β as described in Equation (2.10). This is
important for the development of a monocular measurement system. There is a
high chance of the proximal interphalangeal joint being occluded by the distal
inter-phalangeal joint, but our contribution helps to overcome this problem.
In practice, the vectors
−−→
MP,
−−→
PD and
−→
DT are calculated from the point
cloud using orthogonal regression for linear fitting. Tracking information of
the SDK is only used for segmentation purposes, since the hand tracking algo-
rithm is optimized for speed and recognition rate, rather than the precise bone
positions. As the application is focused on the phalangeal joint angle, finding
directions of vectors
−−→
MP,
−−→
PD and
−→
DT is crucial. Consider the line L, so that
the vector
−−→
MP is in the direction vector of L:
L(t) = t
−→
D + A,
where
−→
D is along the line L. Define Xi to be the cloud point of the proximal
phalangeal bone, then:
Xi = A + di
−→
D + pi
−→
D>i ,
where di =
−→
D · (Xi−A) and −→D>i is some unit vector perpendicular to
−→
D with
appropriate coefficient pi. Define Yi = Xi−A. The vector −→NA from Xi to its
projection onto the line is:
Yi − di−→D = pi−→D>i .
The cost function for the least squares minimization is C(A,D) =
∑m
i=1(pi)
2.
Using Equation (2.11), the cost function can be rewritten as:
C(A,D) =
m∑
i=1
(
Y>i
[
I −−→D−→D>
]
Yi
)
.
Taking the derivative with respect to A,
∂C
∂A
= −2
[
I −−→D−→D>
] m∑
i=1
Yi.
The cost function is minimized when the derivative is zero. A similar ap-
proach is used to approximate vectors
−−→
PD,
−→
DT .
The direction of the vector
−−−→
WM is along the intersection of the finger plane
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and the palm plane. The palm plane is also approximated using orthogonal
regression. The palm plane p has a unit normal vector
−→
N and a central point
of the palm A. Define Xi to be the cloud points of the palm, then:
Xi = A + λi
−→
N + pi
−→
N⊥i ,
where λi =
−→
N · (Xi−A) and −→N⊥i is some unit vector perpendicular to
−→
N with
appropriate coefficient pi. Define Yi = Xi−A. The vector −→NA from Xi to its
projection onto the palmar plane is λi
−→
N. Then:
‖−→NA‖2 = λ2i = (N ·Yi)2.
The cost function for least squares minimization is C(A,
−→
N) =
∑m
i=1 λ
2
i .
This can be rewritten as:
C(A,
−→
N) = N>
(
m∑
i=1
YiY
>
i
)
N = N>M(A)N,
where M(A) is given by:
M(A) =
 ∑mi=1(xi − xA)2 ∑mi=1(xi − xA)(yi − yA) ∑mi=1(xi − xA)(zi − zA)∑m
i=1(xi − xA)(yi − yA)
∑m
i=1(yi − yA)2
∑m
i=1(yi − yA)(zi − zA)∑m
i=1(xi − xA)(zi − zA)
∑m
i=1(yi − yA)(zi − zA)
∑m
i=1(zi − zA)2
 .
The cost function is in the quadratic form, and the minimum is the smallest
eigenvalue of M(A). The corresponding eigenvector
−→
N that we need to find is
normal to the palm plane.
2.4 Simulation
The inference in Section 2.3 is ascertained through a simulation exercise pre-
sented in this section. A configuration of a finger is a set of three declination
joint angles of the finger. For each joint, 19 joint angle values of 0–90◦ were
evenly generated with a resolution of 5◦; hence, there were a total of 193 = 6851
configurations generated for the hand. Random Gaussian noise was added to
each joint angle value. The original value of each joint is assumed as the ac-
tual value of the joint angle, and the latter value, which was added Gaussian
noise, is assumed as the measured value from the tracking algorithm of the
camera. These configurations were classed into six groups based on the total
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Table 2.1: Number of configurations for 6 groups of total active movement
(TAM).
Group Quantity ∆S1 ∆S2 ∆β1 ∆β2
0–45◦ 165 13.7 5.9 6.1 0
45–90◦ 975 12.3 5.7 5.5 0
90–135◦ 2154 12.5 5.6 5.6 0
135–180◦ 2235 12.1 5.5 5.6 0
180–225◦ 1110 13 5.8 5.8 0
225–270◦ 220 12.7 5.4 5.6 0
active movement value: 0–45◦, 45–90◦, 90–135◦, 135–180◦, 180–225◦ and 225–
270◦. The number of configurations for each group is presented in Table 2.1.
After generating data using the above protocol, we had data that cover almost
all possible configurations of a human finger. In the next step, we computed
the TAM value of each configuration using two methods and compared to the
actual value of TAM. In Table 2.1, the difference between the actual TAM
value and the measurements using two methods (S1 and S2) mentioned above
is denoted by,
∆S1 = |Sˆ1 − S0|,
∆S2 = |Sˆ2 − S0|.
Overall, the values of ∆S1 are larger than the values of ∆S2 in the same
group. The mean values of 6851 configurations for ∆S1 and ∆S2 are 12.47
◦ and
5.62◦, respectively. From these figures, implementing the proposed approach to
find the TAM value can generally reduce the error of measurement of TAM from
12.47◦ down to 5.62◦, which is significant. Similarly, the differences between
the actual PIP joint angle β0 and the initial measurement βˆ is denoted as ∆β1;
the difference between the actual PIP joint angle β0 and the estimated value
β˜ is denoted by ∆β2, i.e.,
∆β1 = βˆ− β0,
∆β2 = β˜− β0.
The mean values of 6851 configurations for ∆β1 is 5.64
◦, while the one for
∆β2 is 0
◦. This result implies that the mean error of initial measurement is
5.64◦, and the value of approximately 0◦ is the difference between the actual
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Figure 2.6: Simulation results for the accuracy improvement of the TAM and
proximal interphalangeal joint (PIP).
β0 and the estimated β˜ obtained by Equation (2.10), thus confirming our as-
sertions. Figure 2.6 represents further details of the statistical characteristics,
including the median, quartiles and whiskers. In summary, this simulation
shows the reductions in error if the proposed approach is employed on top of
the camera measurements.
2.5 Trial Procedure
In this section, we present a validation procedure to ascertain the reliability of
the system. The final target of this procedure was to examine if the system can
be used in clinics to replace the traditional universal goniometer. The experi-
mental procedure was approved by Deakin University Human Ethics Advisory
Group (HEAG), and all participants provided their written informed consent
to participate. Two professional hand therapists conducted this trial using the
universal goniometer. Although human ratings can be subjective and may not
possess a degree of accuracy, it is the current practice. The procedure was con-
ducted following the clinical recommendations [92]. The dorsal measurement
technique, which was proven to be as reliable as lateral placement [93], was
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Figure 2.7: The left hand of the man was measured by our system.
used during the procedure.
Forty participants were recruited to participate in the trial. There were 35
females and 5 males in the study, with the mean age being 29.3 years (σ = 11.5).
Thirty five subjects were right hand dominant, and 5 subjects were left hand
dominant. None of the participants reported having previous hand injuries that
would have impacted significantly on their current ROM. Participants were
seated at a table with their arm on the hand elevator and elbow supported on
the table. This position put the shoulder in an approximately 45–80◦ flexion,
the elbow in approximately 40–60◦ flexion and the wrist in a neutral, pronated
position. The Creative Senz3D camera was mounted on a tripod and placed
below, in front of the participant’s hand, as depicted in Figure 2.7. A training
trial was conducted prior to the commencement of the research to practice the
protocols and logistics of the study.
The Creative Senz3D camera was connected to a computer with Intel Core
i7-3740QM 2.7Ghz CPU, 8GB RAM, Nvidia NVS 5400M VGA with Windows
7 64-bit installed. The Intel R© Perceptual Computing SDK was installed for
aiding the hand tracking stage. The declination joint angles of the hand were
computed from the hand model when the model precisely matched the subject’s
hand (Figure 2.8). Then, these values were employed to compute the estima-
tion of the TAM and PIP angle values utilising our proposed approaches.
The universal goniometer is a standard six-inch clear plastic instrument
that can measure 0–180◦ angles to a precision of 5◦. It is one of the preferred
goniometers for hand joint measurements [94]. The long edge of the goniometer
was used to measure the MCP and PIP joints, and the short edge was used to
measure the DIP joint. The two clinicians used the same goniometer.
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Figure 2.8: Extension and flexion positions of the hand in the tracking appli-
cation.
The participants were recruited using a non-probability convenience sam-
pling method. Participants provided their written informed consent to partic-
ipate prior to data collection. Participant names were encoded to ensure all
information was anonymous.
Two standardised positions of the hand, extension and flexion, were mea-
sured by using two different tools, and the results were compared. The partic-
ipant’s hands were measured firstly by the proposed system and secondly by
the goniometer. Placing the hands in front of the camera, the participants were
requested to “straighten your fingers while keeping them slightly separated”.
When the hand model matched the participant’s hand, i.e., the error between
the hand model and the depth image was less than a threshold, information
was captured twice by pressing a button on the keyboard. The time required
between the two pressings was one second. The hand then remained in the
same position for the first clinician to measure MCP, PIP and DIP joints using
the universal goniometer followed by the second clinician. For each group of ten
participants, pre-allocated fingers from Digits II–V were measured. The time
between the two measurements by the clinicians was approximately one second,
including the time allowed for handing the goniometer. Each participant had
two separate forms for the two clinicians to record the results. A stop watch
was used to record the measurement time, and these numbers were recorded
on the results form. In case the prescribed procedure was not followed, the
data were deleted, and the process was repeated. Following the measurement
of the hand in the extended position, the participants were able to relax their
hand. Subsequent to straightening the fingers again so that the capture system
Chapter 2. A system of hand measurement 30
Table 2.2: Comparison between the proposed system and universal goniome-
ter. MCP, metacarpophalangeal joint; DIP, distal interphalangeal joint; PIP,
proximal interphalangeal joint.
Variable RMSE (◦)
MCP 14.8
PIP 12.6
DIP 11.4
is able to recognise the hand, participants were asked to “bring your fingers
into a fist position while keeping your thumb fully extended”. Similar to the
measurement for the case of extension, the hand was measured by the proposed
system and followed by the universal goniometer. The procedure was repeated
for the left hand. Participants were thanked for participating in the trial and
were informed that the overall results would be made available in the future.
2.6 Results
2.6.1 Concurrence Validity
We established the validity of the proposed approach by comparing to the scores
obtained from a well-established measurement procedure for the same cohort of
subjects; i.e., there exists a consistent correlation between the scores from the
two contrasting and independent measurement procedures [95]. Concurrent
validity is often determined using the Pearson product-moment correlation.
Following the trial, a total of 480 angles were measured by each tool. The pro-
cedure was limited to one finger per hand per subject, excluding the thumb.
For each angle, which is at the joint in a finger, the variable X = xi is the
measurement of the proposed system, and the variable Y = yi is the measure-
ment of the universal goniometer. The correlation between the two variables
X and Y was r = 0.95. At the joint level, the correlation between the pro-
posed system and the universal goniometer is rMCP = 0.96, rPIP = 0.98 and
rDIP = 0.87. The relationship between the proposed approach and the manual
goniometer-based measurements indicates that all of the variables demonstrate
a higher degree of correlation (r > 0.85). The root mean square errors (RMSE)
of the difference between the proposed system and universal goniometer are cal-
culated and depicted in Table 2.2. The absolute values of the ROM of three
joints measured by the proposed system and a therapist were plotted in Figure
Chapter 2. A system of hand measurement 31
Figure 2.9: The ROM of MCP, PIP and DIP measured by the proposed system
and a therapist. The values from 1–40 and from 41–80 on the x-axis are the
left hands of 40 subjects and the right hands of 40 subjects, respectively.
2.9.
2.6.2 Internal Reliability
The results of two measurements taken by the same tool, either the proposed
system or the universal goniometer, were compared to infer the intraclass cor-
relation coefficient (ICC) with a 95% confidence interval. According to Portney
et al. [96], the ICC value of above 0.75 is considered as good reliability, while a
good clinical measurement should have a value of above 0.9. The overall ICC
of the proposed system was 0.998% at a 95% confidence level. In comparison,
the overall ICC of the universal goniometer is 0.994% at a 95% confidence level.
The results of the analysis on extension and flexion and at the joint level are
shown in Table 2.3. The results show that the flexion has better ICC values
than extension in both the proposed system and the universal goniometer. At
the joint level, the DIP demonstrated the lowest ICC values in both the pro-
posed system and the universal goniometer, but these values are still considered
to have clinically good reliability (ICC > 0.9).
To determine the difference of repeated measurements, the results of two
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Table 2.3: The internal reliability of the proposed system. ICC, intraclass
correlation coefficient.
Variable
Proposed System Universal Goniometer
ICC
Confidence Interval
(95%)
ICC
Confidence Interval
(95%)
MCP 0.999 0.999–1 0.995 0.993–0.996
PIP 0.999 0.999–1 0.998 0.997–0.998
DIP 0.993 0.990–0.996 0.986 0.980–0.990
measurements taken by the same tool, either the proposed system or the uni-
versal goniometer, were compared using the RMSE analysis metric. The data
between two repeated measurements by either the proposed system or thera-
pists are plotted in Figure 2.10. Due to the limitation in experimental design,
the results of the proposed system were calculated on 22 subjects (n = 264),
and the results of the goniometer were calculated on 40 subjects (n = 480). A
t-test indicated that the internal difference between the proposed system and
the universal goniometer was statistically significant. Further details of the
analysis at the joint level are shown in Table 2.4. In three joints, the DIP often
had a greater difference and greater variance between repeated measurements
than the two remaining joints. The result analysis of repeated measurements
clinically and statistically demonstrates the reliability of the proposed system.
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(a) The range of motion of MCP.
(b) The range of motion of PIP.
(c) The range of motion of DIP.
Figure 2.10: The range of motion (ROM) of MCP, PIP and DIP measured
twice by either the proposed system or therapists. The values from 1–40 and
from 41–80 on the x-axis are the left hands of 40 subjects and the right hands
of 40 subjects, respectively.
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Table 2.4: Comparison of the consistency of the proposed system and the
universal goniometer.
Variable
Proposed System
RMSE (◦)
Universal Goniometer
RMSE (◦)
MCP 2.2 6.8
PIP 2.3 5.3
DIP 6.4 7.9
2.6.3 Time Efficiency
For each position of the hand, the proposed system was able to capture the joint
angles of 12 joints of the hand, whereas for a manual assessor, only three joints
were measured. Therefore, the proposed system needs only one measurement
for each extension or flexion position, while the manual assessor needs five
measurements for each extension or flexion position. The time of measurement
was divided by the number of joints measured. Consequently, the measurement
time using the proposed system was divided by 12, and the measurement time
using a manual assessor was divided by three. The mean time per joint of the
proposed system was calculated on 16 subjects, and the mean time per joint
of the universal goniometer was calculated on 40 subjects. The mean time per
joint of the proposed system was 2 s (σ = 0.9). The mean time per joint of the
universal goniometer was 4.4 s (σ = 2). A t-test indicated that the difference in
measurement time between the proposed system and the universal goniometer
was statistically significant. The details of the measurement times are reported
in Table 2.5. As depicted in Table 2.5, the proposed system completed the
measurements 2–4 s quicker than the therapists with a universal goniometer.
Table 2.5: Average time of measurement per joint.
Item
Mean Time per Joint
(s)
SD (s)
Proposed system 1.2 0.9
Universal goniometer 4.4 2.0
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2.7 Discussion
The correlation between the proposed system and the universal goniometer
is strong enough to confirm that the proposed system provides similar mea-
surements of finger ROM to the universal goniometer. The mean difference
between the proposed system and the universal goniometer of 9.53◦ is close to
previous studies in which the mean difference between two therapists using a
universal goniometer is 7–9◦. From these analyses, it can be inferred that the
proposed system is a valid tool to use in finger ROM measurement for Dig-
its II–V, although the clinical differences are greater than the 5◦ required for
clinical significance.
The ICC of the proposed system was found to be very strong (ICC = 0.998,
ICCext = 0.974, ICCflx = 0.99). The universal goniometer measurement also
showed very strong ICC coefficients, although less than the proposed system.
This implies that the proposed system is capable of reproducing almost the
same results for the same joint angle. The consistency of the system enables
it to be more accepted as a standard measurement tool. The analysis also
demonstrates that the mean difference of the proposed system in two repeated
measurements is 1.94◦. This number is less than 5◦ of clinical significance,
thus inferring that the proposed system is more reliable when being used in a
test-retest scenario, which is common in clinical practice.
Experimental results demonstrated that our system is much more effective
in terms of operating time than the manual process, saving up to four seconds
per joint. In practice, when measuring all joints of the hand, the system is
capable of saving up to several minutes due to the additional time required for
data entry.
The findings of this experiment may not be generalized to a clinical setting
for a number of reasons. As the target of this study was to introduce a non-
contact ROM measurement for the hand, we only recruited healthy subjects,
without oedema or wounds, to simplify the procedure. In addition, two thera-
pists had to memorize the results of three joint measurements before entering
the numbers to the report, thus increasing the chance of observer error. Indeed,
the camera is new to the market and slightly more expensive than the widely-
used manual goniometers. Wider use of the proposed technology will also help
to reduce the cost of these new devices. Lastly, despite endeavouring to ensure
that the subject’s hand remained in the same position, it was impossible to
maintain the position of the hand for 30 s without any change, and the force
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of making a fist can inadvertently contribute to measurement error. Because
of short length of phalangeal bone, even a small movement of the hand can
largely impact the reading of both the therapists and the proposed system.
The improvement of ROM is considered a key aspect in hand therapy prac-
tice. Busy clinics often have their clients treated by different therapists, which
raises the issue of accuracy and consistency in measuring ROM among ther-
apists. An automated, non-contact system replacing humans in measurement
tasks ensures the consistency of measurements and the effectiveness of treat-
ments. In order to be used as an effective ROM tool, the measurements need
to be reliable and valid [97]. The accuracy of current devices, such as manual
goniometers or electro-goniometers, experiences a higher degree of subjectivity
based on the assessor. In certain situations, it can be uncomfortable for the
patient and increase the risk of infections upon contact. The development of
the proposed system was motivated by the demand for a standardized, reliable,
objective and time-efficient system for measuring phalangeal ROM. As motion
capture devices are widely considered and investigated, sensors in the future
with a higher resolution, a higher sampling rate and less noise can further im-
prove the performance of the system. The research can be considered as a proof
of concept for the potential use of the system in clinical settings. It is expected
to see variants of the proposed system in clinical settings in the next few years.
The use of advanced technology reduces the cost of healthcare and shortens
appointment sessions [98] without compromising the quality of care. In recent
decades, computer-based evaluation systems for hand therapy have evolved,
and their use in hand therapy clinics is becoming a common practice. Computer-
based evaluation systems like ours are in demand and are destined to be in-
tegrated into existing healthcare systems and hospitals to enhance rehabilita-
tion processes. The portability and convenience of our system allows it to be
used in different locations, enabling it to have a significant impact on tele-
rehabilitation.
2.8 Summary
Use of technology in healthcare reduces cost and enhances quality of service
and patient comfort. Our proposed system provides clinicians with an inno-
vative and effective solution to evaluate ROM of the hand. More importantly,
the non-contact and faster measurements help improve the patient comfort, as
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the time of measurement is shortened significantly. In addition, the proposed
approach can be used in many other potential applications involving quantita-
tive assessment of finger functionality. A non-contact phalangeal measurement
system has the potential to become a standard facility in assessing hand func-
tion, offering an additional choice in clinical use. An expansion of this system
to tele-health and other e-health applications is a necessary step to integrate
the system into hospital and to enhance client satisfaction.
Chapter 3
Quantification of finger
functional range of movement
via reachable space
3.1 Introduction
Historically, subjective visual examinations have been used to examine the
range of finger movements and subsequently, declination joint angles were mea-
sured with goniometers [4] to evaluate flexibility in a more quantitative form.
Despite the wide use by clinicians and other advantages, goniometer based dec-
lination angle measurements fall short of obtaining a complete dextral profile.
According to Kendall et al. [6], “For muscles that pass over two or more joints,
the normal range of muscle length will be less than the total range of motion of
the joints over which the muscle passes”. So, in measuring joint movement in
which two-joints are involved, the second joint should be placed in a shortened
position - demonstrating that hand movement is not just simply summing mea-
sured declination angles or even separately considering each angle as per the
current practice. This is particularly the case when flexing the fingers into a fist
where joint angles are dependent on the position of the proximal joints. A more
effective and insightful form of assessing hand function is indeed a necessity.
Biggs et al. [7] confirmed that extrinsic muscles of the hand, signal fingertip
locations more accurately than they signal the angles of individual finger joints.
This work found that even all three extrinsic muscles were not adequate to ac-
curately estimate the flexion angles of all the joints whilst just two of extrinsic
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muscles taken together could always provide information adequate to estimate
fingertip location.
Many dexterous daily activities are determined by fingertip trajectories
rather than finger joint angles and therefore an approach based on the fin-
gertip locations and trajectory can provide a more effective representation of
the flexibility of the hand. In fact when controlling the human end effector sys-
tem comprising of a higher degree of freedom, spacial aspects of the requisite
movements are controlled by the higher levels of the nervous system rather than
the specific joints or muscles [99]. The coordinates of fingers have captured the
attention of researchers over the last decade [59,61,100–102]. However, most of
these studies have proposed a reflective marker based tracking system [59,102],
or glove-based tracking system [100,101] and the therapist are required to po-
sition the markers or to wear the gloves making it time consuming and not
viable in busy clinical environments.
In recent years, the measurement of fingertip trajectories has become quite
popular particularly with the development of a number of pervasive devices
such as Microsoft Kinect Sensor, Leap Motion Controller, Creative Senz3D
Camera as they offer a better solution in measuring a range of joint movements.
More recent researchers in this arena used a Microsft Kinect c© to build a 3D
skeletal hand tracking system [55, 85, 86]. However, Kinects c© is aimed at full
body movements and have limitations concerning the accuracy required for
finer finger movements.
The set of all reachable fingertip positions are denoted as the ‘reachable
space’. In comparison to subjective visual assessment of reachable spaces, opti-
cal positioning devices can be used to obtain a descriptive visualization of finger
movements accurately and in a non-contact form. Accordingly, the reachable
space of fingertips warrants a closer attention particularly in areas involving
clinical rehabilitation. In studying the characteristics of planar fingertip move-
ments, Cruz et al. [63] used the Optotrak system to measure the fingertip
location. Using 10 subjects (six males, four females), a generic approximation
to the reachable space was obtained. In an earlier study, Venema et al. [103]
deduced a workspace by recursively capturing a range of hand movements al-
though a specific mathematical postulation was not provided.
Reachable space concept has been discussed in multitude of areas including
robotics [104,105] bio-mechanics and also certain natural sciences [7,106–109].
Leitkam et al. [59] compared the experimental data from a reflective marker
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based system to a bio-mechanical model by forming a reachable space using a
computationally challenging approach of point by point volumetric calculation.
Though Leitkam and other researchers [63,107,110,111] obtain the motion path
of the fingers and hence the reachable space, these underlying techniques are
not suitable for real time applications destined to be used within prescribed
therapeutic sessions. Zheng et al. [108] analyzed the reachable space of fin-
gertip and introduced an exoskeleton-type hand rehabilitation assistive device.
Kuo et al [106] presented a quantitative method for measuring the functional
workspace of human hand through the reachable space. However, all of above
studies have used numerical feed-forward kinematics and not closed form solu-
tions to obtain the reachable space. Although Alciatore et al. [112] presented
a Monte Carlo based method to effectively determine boundary of the reach-
able space, the process of determining the boundary and implementation is
not simple due to random sampling, and moreover, this is not a closed-form
solution. In general literature, the problem of determining the boundary of
the workspace with a closed form solution was addressed in mathematics and
robotics for N-manipulators [113] since 1996, but the approach did not consider
the limitations in the range of motion of the human hand, and it is complex for
this simpler case. Our study intend to address this lacuna to provide a better
means of capturing the reachable space to analysis and assess human hand
functionality. The equations as well as the implementation of our approach is
simpler than the approach in [113]. Its execution time is also faster than the
approaches in [106] and [112].
In the current phalangeal terminology, the normal ROM is the standard
or average range over a given population. The functional ROM is the ROM
measured when people engaged in daily activities - the common position of
fingertips when normal day-to-day activities are performed. Task-specific dec-
lination angles are commonly used for measuring finger joint movements when
performing specific tasks such as power grip, precision grip, key pinch, tip
pinch. Subspaces associated with a ROM for specific tasks are called task-
specific subspace and essentially constitute a subset in the complete reachable
space.
In this chapter, we present a bi-dimensional, unconstrained closed-form so-
lution to find the reachable space accurately and quantitatively. The reachable
space is defined by a set of six equations. We outline the main contributions
of this chapter as follows:
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• Mathematically determine bi-dimensional, unconstrained closed form de-
scriptions explicitly for the boundary and the capacity of the reachable
space.
• Experimental verification of the researchable space and daily activity sub-
spaces.
• Comparison of mathematical(explicit) assertions with numerical compu-
tations in terms of both accuracy and computational cost.
We have organised the chapter as follows. Section 3.2 describes the feed-
forward kinematic method in finding the reachable space. We mathematically
represent the underlying idea which forms the basis for the subsequent devel-
opments. Section 3.3 presents the closed form solutions for the reachable space
where the quantification is given in section 3.4. Section 3.5 consists of two ex-
periments: the first experiment is to compare and demonstrate the advantage
of using reachable space rather than simple declination angles; the second ex-
periment compares the computational cost in finding reachable space through
our exclusive description against the numerical kinematic-feed forward method;
and compares the computational cost in finding the capacity of the reachable
space between our method (presented in section 3.4) and the numerical Scan-
line Fill algorithm followed by concluding remarks. Section VI presents the
results and our discussion.
3.2 Boundary of the reachable space
In providing a generic approach covering the case of the impaired hand as well
as the normal hand, the important role of the boundary of the reachable space
was evident. Although the trajectory of a finger is always inside a specific shape
as acknowledged in many research works, [59, 63, 103], the exact boundary of
the reachable space of the finger has not been clearly defined. In other words,
the boundaries of the reachable space have been defined by other models, but
not with explicit mathematical formulation. These studies used a tracking
system to localize the finger position and orientation providing distinct points
inside the reachable space. Therefore, a full and exact reachable space of a
finger is unattainable without exhaustively covering the data set spanning the
complete space. Moreover, in the comparison of two reachable spaces, either
from different people or from the same person in different times, the expensive
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computational cost of using kinematic feed-forward method in other researches
is impracticable. Our work is intended to directly address this problem. Now
we present the mathematical formulation underpinning the description of the
boundary of the reachable space and the associated proof of our claims.
For simplicity, we consider a finger movements in a 2D plane with the
assumptions given in section II. Known parameters include the angles of the
phalangeal joints denoted by α, β, γ. The angle at MCP is bounded by a1 and
a2; the angle at PIP is bounded by b1 and b2; the angle at DIP is bounded by
c1 and c2 as given bellow:
0 ≤ a1 ≤ α ≤ a2 ≤ 100, (3.1)
0 ≤ b1 ≤ β ≤ b2 ≤ 105, (3.2)
0 ≤ c1 ≤ γ ≤ c2 ≤ 85. (3.3)
There are also constraints between the lengths of phalangeal bones of normal
hands. Although Park et al. [111] rejected the hypothesis that the lengths
of the metacarpals, proximal, middle, and distal phalanges approximate the
Fibonacci sequence in which the ratio of any two consecutive numbers approach
the number 1.61803 (φ). The data in this study showed that the ratio between
two consecutive phalangeal bones (l1/l2 or l2/l3 or l3/l4) ranges from 1.11 to
1.80. This implies the following constraint:
l1 > l2 > l3 > l4.
For the purpose of simplicity and clarity, we shift the origin from W to M.
Then, the position of PIP, DIP, and fingertip can be represented in the complex
plane as follows:
zP = λ(α) = l2e
iα,
zD = η(α, β) = l2e
iα + l3e
i(α+β),
zT = ζ(α, β, γ)
= l2e
iα + l3e
i(α+β) + l4e
i(α+β+γ). (3.4)
The reachable space D of the finger can now be defined as,
RS =
{
ζ(α, β, γ)
∣∣∣α : [a1, a2], β : [b1, b2], γ : [c1, c2]} .
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We also state certain properties(trivial proofs have been omitted) of the func-
tion ζ(·, ·, ·) useful for our subsequent proofs with αi, βi and γi in [a1, a2], [b1, b2]
and [c1, c2] respectively for all i ∈ {1, 2}.
Property 3.2.1. |ζ(α1, β1, γ1)| = |ζ(α2, β1, γ1)|
Property 3.2.2. β1 ≥ β2 =⇒ |ζ(α1, β1, γ1)| ≤ |ζ(α1, β2, γ1)|
Property 3.2.3. γ1 ≥ γ2 =⇒ |ζ(α1, β1, γ1)| ≤ |ζ(α1, β1, γ2)|
Property 3.2.4. α1 ≥ α2 =⇒ |ζ(α1, β1, γ1)−λ(α1)| ≤ |ζ(α1, β1, γ1)−λ(α2)|
Property 3.2.5. γ1 ≥ γ2 =⇒ |ζ(α1, β1, γ1)−λ(α1)| ≤ |ζ(α1, β1, γ2)−λ(α1)|
Property 3.2.6. α1 < α2 =⇒ |ζ(α1, β1, γ1) − η(α1, β1)| > |ζ(α1, β1, γ1) −
η(α2, β1)|
Proof for property 3.2.6:
if α1 < α2, then arg η(α1, β1) < arg η(α2, β1).
Thus, we have
arg ζ(α1, β1, γ1)− arg η(α1, β1) > arg ζ(α1, β1, γ1)− arg η(α2, β1).
Using trigonometry property in triangle 4DTM , we have
|ζ(α1, β1, γ1)− η(α1, β1)| > |ζ(α1, β1, γ1)− η(α2, β1)|.
Property 3.2.7. β1 > β2 =⇒ |ζ(α1, β1, γ1) − η(α1, β1)| < |ζ(α1, β1, γ1) −
η(α1, β2)|
Proof for property 3.2.7:
if β1 > β2, then arg η(α1, β1) > arg η(α1, β2).
Thus, we have
arg ζ(α1, β1, γ1)− arg η(α1, β1) < arg ζ(α1, β1, γ1)− arg η(α1, β2).
Using trigonometry property in triangle 4DTM , we have
|ζ(α1, β1, γ1)− η(α1, β1)| < |ζ(α1, β1, γ1)− η(α1, β2)|.
Now we introduce the following lemma as the main contribution of this
chapter.
Lemma 1. Let the boundary of the reachable space RS is denoted by Ξ. Then
Ξ := ξ1∪ξ2∪ξ3∪ξ4∪ξ5∪ξ6 where the ξi, i ∈ [1, · · · , 6] are given by the following
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Figure 3.1: Finger model in finger plane.
continuous curves:
ξ1 := ζ(α, b1, c1)
∣∣ α : [a1, a2],
ξ2 := ζ(a2, β, c1)
∣∣ β : [b1, b2],
ξ3 := ζ(a2, b2, γ)
∣∣ γ : [c1, c2],
ξ4 := ζ(α, b2, c2)
∣∣ α : [a1, a2],
ξ5 := ζ(a1, β, c2)
∣∣ β : [b1, b2],
ξ6 := ζ(a1, b1, γ)
∣∣ γ : [c1, c2].
Before proving Lemma 1, we will show that under the human hand con-
straints, RS is a closed, simply connected domain. The range of movement of
joint angles α, β and γ are closed and bounded, so A = (α, β, γ) is a compact
set. As the function ζ from R3 → C is a continuous function, its image of a
compact set A, the RS, is a compact set itself by the theorem 4.4.1 in [114].
Thus, the RS is closed. As the movement of the finger generates a continuous
trajectory, there exists a path from one reachable point to another resulting in
the RS connected. An unreachable hole inside the RS can be expressed as
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∃ θ :

θ = arg(zU) and zU 6∈ RS/zU = ζ(αU , βU , γU)
θ = arg(zT1), θ = arg(zT2) and
zT1 , zT2 ∈ RS
zT1 = ζ(αT1 , βT1 , γT1)zT2 = ζ(αT2 , βT2 , γT2)
‖zT1‖ < ‖zU‖ < ‖zT2‖
.
As zU , zT1 , zT2 and the origin O are coplanar, there exists a straight path
to move the fingertip from zT1 to zT2 . If the point zU is between zT1 and zT2 ,
the point zU must belong to the reachable space. Now we can conclude that
RS is simply connected and hence the boundary of RS is simply connected.
Now we prove that ξ1, ξ2, ξ3, ξ4, ξ5, ξ6 are boundary parts individually. The
point T, is a boundary point of RS if and only if, in every neighbourhood
there exists at least one point in the set at least one point not in the set.
Because T is clearly in RS, T is a boundary point if we can find a point in the
neighbourhood but not in the set.
For any disk Ω centred at T with a radius  > 0, any point E belonging to
the boundary of Ω has the form zE = zT+e
iθ, θ ∈ [0, 2pi]. Let α0, α′,∈ [a1, a2],
β0, β
′ ∈ [b1, b2] and γ0, γ′ ∈ [c1, c2]. If E is a reachable point, E can be denoted
by zE = ζ(α
′, β′, γ′) for the purpose of the following sub lemmas.
Sub-proof 1 (ξ1 is a boundary curve of RS). Let T be a point on ξ1.
zT = ζ(α0, b1, c1).
Choose θ such that E, a specific point in Ω,
θ = arg zT.
Thus, we have
zE = |zT|ei arg zT + ei arg zT .
Finally,
|zE| > |zT|.
For α0 ∈ [a1, a2], using property 3.2.1,
|ζ(α0, β′, γ′)| = |ζ(α′, β′, γ′)|. (3.5)
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For β′ > b1, using property 3.2.2,
|ζ(α0, β′, γ′)| < |ζ(α0, b1, γ′)|. (3.6)
For γ′ > c1, using property 3.2.3,
|ζ(α0, b1, γ′)| < |ζ(α0, b1, c1)|. (3.7)
Then, from ((3.5), (3.6), (3.7)
|ζ(α′, β′, γ′)| < |ζ(α0, b1, c1)|.
So, we have
|zE| < |zT|. (3.8)
This result (equation 3.8) contradicts our initial assumption (1) in choosing
the reachable point E. Therefore, the point E, which we chose, is not in RS and
hence, T is a boundary point and ξ1 is a boundary curve of RS.
Sub-proof 2 (ξ2 is a boundary curve of RS). Let T be a point on ξ2.
zT = ζ(a2, β0, c1).
Choose θ such that E, a specific point in Ω
θ = a2 + β0 + T̂PD.
Then, P, T and E are in a straight line. We have∣∣zE − zP ∣∣ = ∣∣zE − zT∣∣+ ∣∣zT − zP ∣∣. (3.9)
Thus,
|ζ(α′, β′, γ′)− λ(a2)| = + |ζ(a2, β0, c1)− λ(a2)|. (3.10)
Consider a2 ≥ α′, using property 3.2.4
|ζ(α′, β′, γ′)− λ(a2)| ≤ |ζ(α′, β′, γ′)− λ(α′)|. (3.11)
For β0 ∈ [b1, b2]
|ζ(α′, β′, γ′)− λ(α′)| = |ζ(α′, β0, γ′)− λ(α′)|. (3.12)
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For γ′ ≥ c1, using property 3.2.5
|ζ(α′, b0, γ′)− λ(α′)| ≤ |ζ(α′, b0, c1)− λ(α′)|. (3.13)
Using property 3.2.5,
|ζ(α′, b0, c1)− λ(α′)| = |ζ(a2, b0, c1)− λ(a2)|. (3.14)
From (3.11), (3.12), (3.13), (3.14)
|ζ(α′, β′, γ′)− λ(a2)| ≤ |ζ(a2, b0, c1)− λ(a2)|. (3.15)
This result (equation 3.15) contradicts with our initial assumption (3.10) in
choosing the reachable point E. Therefore, the point E, which we chose, is not
in RS and hence, T is a boundary point and ξ2 is a boundary curve of RS.
Sub-proof 3 (ξ3 is a boundary curve of RS). Let T be a point on ξ3,
zT = ζ(a2, b2, γ0).
Choose θ such that E, a specific point in Ω
θ = a2 + b2 + γ0.
Then, D, T, and E are in a straight line∣∣zE − zD∣∣ = ∣∣zE − zT∣∣+ ∣∣zT − zD∣∣.
So, we have
|ζ(α′, β′, γ′)− η(a2, b2)| = + |ζ(a2, b2, γ0)− η(a2, b2)|. (3.16)
Consider a2 ≥ α′, using property 3.2.6
|ζ(α′, β′, γ′)− η(a2, b2)| ≤ |ζ(α′, β′, γ′)− η(α′, b2)|. (3.17)
Consider b2 ≥ β′, using property 3.2.7
|ζ(α′, β′, γ′)− η(α′, b2)| ≤ |ζ(α′, β′, γ′)− η(α′, β′)|. (3.18)
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Figure 3.2: Reachable space of fingertips in 2 dimensions is built using bound-
ary formulae with normal active range of motion given in Table 1.1.
For γ0 ∈ [c1, c2], and the link l4 is constant,
|ζ(α′, β′, γ′)− η(α′, β′)| = |ζ(a2, b2, γ0)− η(a2, b2)|. (3.19)
From (3.17), (3.18), (3.19),
|ζ(α′, β′, γ′)− η(a2, b2)| ≤ |ζ(a2, b2, γ0)− η(a2, b2)|. (3.20)
This result (equation 3.20) contradicts with our initial assumption (3.16) in
choosing the reachable point E. Therefore, the point E, which we chose, is not
in RS and hence, T is a boundary point and ξ3 is a boundary curve of RS.
The proof for ξ4, ξ5, ξ6 is similar to ξ1, ξ2, ξ3 so that we do not present in
here.
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3.3 Quantifying the reachable space
In this section, we present a mechanism to quantitatively represent the planar
reachable space explicitly employing Green’s theorem. In Green’s theorem, if
C is a simple closed curve, and F(x, y) is defined everywhere inside C, then we
can convert the line integral into double integral. Therefore, we find the line
integral
∫
C
Fds by means of calculating the double integral.
∫∫
D
(
∂F2
∂x
− ∂F1
∂y
)
dA.
Indeed this is in the forms of, ∫∫
D
f(x, y)dA
when there exists a vector field F(x, y) such that
f(x, y) =
∂F2
∂x
− ∂F1
∂y
.
Taking the area of the region RS is equal to the double integral of f(x, y) = 1
over RS:
Area of RS =
∫∫
D
dA =
∫∫
D
1dA.
There are many such vector fields F , but we choose F(x, y) = (−y
2
, x
2
). Then
the area of the region RS bounded by C = ∂RS. Then,
Area of RS =
∫
C
Fds =
1
2
∫
C
x dy − y dx,
where F(x, y) = (−y
2
, x
2
).
Now we apply Green’s theorem to calculate the area bounded by the curve
ξ which is presented in the previous section. Since ξ is a counter-clockwise
oriented boundary of RS, the area is just the line integral of the vector field
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F(x, y) = 1
2
(y, x) around the curve ξ parametrized by α, β, γ.
area of RS =
∫∫
dA
=
∫
ξ
Fds
= Q1 +Q2 +Q3 +Q4 +Q5 +Q6,
where
Qi =
∫
ξi
F (i)ds.
We rewrite the boundary curve ξ in counter-clockwise direction here
ξ1 = ζ(α, b1, c1)
∣∣ α : [a1, a2],
ξ2 = ζ(a2, β, c1)
∣∣ β : [b1, b2],
ξ3 = ζ(a2, b2, γ)
∣∣ γ : [c1, c2],
ξ4 = ζ(α, b2, c2)
∣∣ α : [a2, a1],
ξ5 = ζ(a1, β, c2)
∣∣ β : [b2, b1],
ξ6 = ζ(a1, b1, γ)
∣∣ γ : [c2, c1].
In order to use the line integral of a vector field, we transform our presen-
tation from a polar form to a trigonometric form:
ξ1 = l2 cosα + l3 cos(α + b1) + l4 cos(α + b1 + c1) +
i
(
l2 sinα + l3 sin(α + b1) + l4 sin(α + b1 + c1)
)
,
ξ′1 = −
(
l2 sinα + l3 sin(α + b1) + l4 sin(α + b1 + c1)
)
i
(
l2 cosα + l3 cos(α + b1) + l4 cos(α + b1 + c1)
)
.
Chapter 3. Quantification of finger functional range ... 51
The expression of Q1 are computed as follows:
Q1 =
1
2
∫ a2
a1
((
l2 cosα + l3 cos(α + b1) + l4 cos(α + b1 + c1)
)2
+
(
l2 sinα + l3 sin(α + b1) + l4 sin(α + b1 + c1)
)2)
dα
=
1
2
(
2l3l2 cos b1 + 2l4l2 cos(b1 + c1)
+ 2l3l4 cos c1 + l
2
2 + l
2
3 + l
2
4
) ∫ a2
a1
dα
=
1
2
(
2l3l2 cos b1 + 2l4l2 cos(b1 + c1)
+ 2l3l4 cos c1 + l
2
2 + l
2
3 + l
2
4
)
(a2 − a1).
The remain curves can be derived in a similar way with ξ1. Similarly,
expressions of Q2-Q6 is easily computed. In summary, the area of reachable
space is calculated as following formula
Area =Q1 +Q2 +Q3 +Q4 +Q5 +Q6
=
1
2
(
2l3l2 cos b1 + 2l4l2 cos(b1 + c1)
+2l3l4 cos c1 + l
2
2 + l
2
3 + l
2
4
)
(a2 − a1)
+
1
2
(
l2l4
(
sin(b2 + c1)− sin(b1 + c1)
)
+l2l3
(
sin b2 − sin b1
)
+ (2l4l3 cos c1 + l
2
3 + l
2
4)(b2 − b1)
)
+
1
2
(
l2l4 sin(b2 + c2)− l2l4 sin(b2 + c1)
+l3l4 sin(c2)− l3l4 sin(c1) + l24(c2 − c1)
)
+
1
2
(
2l3l2 cos b2 + 2l4l2 cos(b2 + c2)
+2l3l4 cos c2 + l
2
2 + l
2
3 + l
2
4
)
(a1 − a2)
+
1
2
(
l2l4
(
sin(b1 + c2)− sin(b2 + c2)
)
+l2l3
(
sin b1 − sin b2
)
+ (2l4l3 cos c2 + l
2
3 + l
2
4)(b1 − b2)
)
+
1
2
(
l2l4 sin(b1 + c1)− l2l4 sin(b1 + c2)
+l3l4 sin(c1)− l3l4 sin(c2) + l24(c1 − c2)
)
.
In order to use this formula to compute the area, it is necessary to know
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explicitly the equation of the reachable space. As it is a close-form solution,
the computational cost of reachable space calculation is constant over different
trials. In the following section, we validate our formula with respect to the
numerical approach of calculating the reachable space using declination angles;
in terms of accuracy as well as the computational cost.
3.4 Experiment
Our proposed approach was examined through two experiments. In the first
experiment, we collected data from 10 subjects and demonstrated the advan-
tages of using reachable space instead of declination angles as well as how
convenient the proposed approach is in construction of the reachable space of
fingers. The second experiment utilizing data in Hume et al.’s article [115] fo-
cused on the performance of the proposed approach in comparison with other
existing approaches. Characteristics of two set of data are described as below.
The data collection procedure was approved by Deakin University Human
Ethics Advisory Group (HEAG) and all participants provide their written in-
formed consent to participate in this study. Ten subjects (age from 20 to
40) participated in the experiment. One subject had history of a fractured
left arm. Another subject previously had a broken left wrist and “jarred”
fingers. In the experiment, finger movement ranges for both hands were mea-
sured using a goniometer by the therapist. Three angles at MCP, PIP and
DIP were measured when the hand with the finger extended and then in the
flexed position (composite fixed). The measurement results of three declina-
tion angles of index fingers are shown in Fig. 3.3. While variance angles of
finger extension of the hand is low (σMCP = 4, σPIP = 5.9, σDIP = 2.5),
we observe large differences between angles corresponding to the flex position
(σMCP = 11.4, σPIP = 7.1, σDIP = 20.3). The declination angles of index
fingers are represented in 3D space in Fig. 3.4 where each dimension is associ-
ated with one joint angle. Each line stands for measured result of index finger
of one hand of one subject. There are a total of 20 lines associated with 20
index fingers (10 subjects, left and right hand). The coordinate of two end
points of the line is associated with two sets of values of three declination an-
gles in extension position and in flexion position. Subsequently, we calculated
the reachable space from the data captured. The reachable space of 20 index
fingers of both hands from 10 subjects are shown in Fig. 3.5. The correlation
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Figure 3.3: Measurement results of three declination angles of index finger of
both hands.
between declination angles and reachable spaces is discussed in more detail in
the following section considering the documented angles for daily activity tasks
given in the literature.
In Hume’s article, 35 right handed men, aged 26 to 28 years and none
with a history of antecedent hand injuries were studied. The trial recorded
the maximum active ROM, daily activities (functional) ROM (Table 1.1) and
the position of finger joints when subjects were engaged in these specific tasks
(Table 3.1). In the daily activity test, there were 11 activities recorded: holding
a telephone, holding a can, using a zipper, holding a toothbrush, turning a key,
using a comb, writing with a pen, holding a fork, holding a scissor, unscrewing
a jar and holding a hammer. The task-specific tests included key pinch, tip
pinch, precision grip (grasp), and power grip.
3.5 Results and Discussion
From the collected data of ten subjects, we selected three special case to com-
pare with Hume’s documented data. The data was from the left hand of the
6th, 7th and the 10th participant. Participant 6 and 7 had a normal hand
while participant 10 had a broke wrist with all the fingers were jarred. The
ROM for the index fingers of these subjects are listed in Table 3.2. Notice
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Figure 3.4: Measurement results of three declination angles are represented in
the 3D space. Each axis stands for one joint.
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Figure 3.5: Measurement results represented in the form of a reachable space
description.
that none of these three subjects possessed the accepted functional ROM for
normal hand with respect to DIP when employing the declination angle ap-
proach(Fig. 3.7). Fig. 9 depicts the ROM in the declination angle approach
via rectangular cuboids. This is typical of a subject with a fractured wrist
and not for the other two subjects with normal hands. This demonstrates the
unique profile that individuals’ hands will demonstrate, particularly following
hand injury. The ability to assess the reachable space of the individual and
gain a profile of their hand is manifested in this example and goes beyond that
of joint declination concept. The reachable space approach (Fig. 3.8) using the
same numerical values provides a more descriptive reasoning as 2 in 3 reachable
spaces cover the functional subspace (in red colour). The left reachable space
from the subject with a fractured wrist can only cover part of the functional
subspace. This experiment shows that reachable space approach is better than
traditional approach of using declination angles in representing patients’ hand
status.
We used Hume’s data to illustrate the underlying concept of the reachable
space for the general case. We used the bone length values measured an index
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finger of a subject by a ruler as follows: Metacarpal bone length is 68 mm,
Proximal phalanx bone length is 40 mm, Medial phalanx bone length is 22
mm and Distal phalanx bone is 15 mm. From the real time reachable space
and task specific subspace computations, we can visualize a specific task(task
specific subspace) in comparison to the full functionality of the fingers(reachable
space). Fig. 3.6 shows the reachable space associated with values in the Table
3.1. Hume’s experimental data represented under this new approach provides
a better insight into the finger flexibility and the generic status with respect
to previous analysis of the injured fingers or the relative status with respect to
the normal finger functionality. For example, if the reachable space of a finger
encompasses the task specific subspaces, then we can expect that the subject
is able to perform daily activities after passing the strength tests. Otherwise,
daily activities cannot be preformed and the strength tests are redundant. In
another example, if one subject has the reachable space that encompasses the
key pinch task subspace, we can expect that the patient can perform the key
pinch task.
With numerous advantages when representing range of finger movements,
reachable space approach is a good candidate as an alternative to the traditional
approach which simply uses declination angles to describe the ROM of the
hand. However, kinematic feed-forward methods to obtain reachable spaces can
be costly in terms of time and computational resources. A system with Intel
Core i5-4300U 1.8Ghz CPU, 4GB RAM, running Windows 7 64-bit operation
system, takes approximately 6 minutes to find reachable space of a normal
hand using kinematic feed-forward method with the resolution of 0.5 degree.
This implementation can be improved with Monte Carlo random sampling
approach or exploiting computational power of GPU, the execution time is
Table 3.1: Task-specific positions of the joints of the hand: Fingers
Task-specific positions (fingers)
Functional
Key pinch Tip pinch Grasp Grip
MCP 62 (±8) 58 (±7) 33 (±6) 72 (±12) 61 (±12)
PIP 76 (±8) 76 (±13) 39 (±7) 28 (±5) 60 (±12)
DIP 46(±8) 33 (±12) 26 (±5) 50 (±5) 39 (±14)
Unit: degree (◦)
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Figure 3.6: The task-specific subspaces associated with the task-specific posi-
tions of the finger joints as per Table 3.1.
Figure 3.7: Range of movements of participant 6th, 7th, 10th and functional
ROM are represented in three dimensions.
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still hard to compare with our proposed method (in section 3.2) with only 0.12
seconds for the resolution of 0.01 degree. Further, our proposed method to
find area of the reachable space (in section 3.3) performs better in term of
execution time compared to Scan-line Fill algorithm; a general algorithm to
find an arbitrary area [116]. The reason for this significant difference in the
execution time is that given the bone lengths and the ROM, our approach can
find the capacity in a deterministic time O(n) with explicit computation. If we
use the kinematic feed-forward method that mentioned in other research work
to calculate the reachable space capacity, computation cost is at least cubic
time O(n3) to generate the reachable space in addition to at least quadratic
time O(n2) for Scan-line Fill algorithm. In order to ensure fairness in the
comparison, both methods used the same boundary lines computed by formula
in section 3.2. Without our contribution in section 3.2, Scan-line Fill algorithm
consumes much more resources in finding the area of reachable space. A more
detailed time benchmark exercise between our proposed method, kinematic
feed-forward technique and the Scan-line Fill algorithm in finding reachable
spaces, subspaces and calculating the area is depicted in Table 3.3.
Table 3.4 shows the area of the reachable space that we computed from
the subspaces using both Scanline Fill algorithm using Euclidean metric and
our explicit solution. Scan-line Fill algorithm is a numerical method that is
used to compute the area of an arbitrary shape. The results in the Table 3.4
confirmed our calculation for the description of the reachable space. As the
Scan-line Fill algorithm counts the number of pixels, it would not consider a
pixel if the boundary line crosses that pixel. Therefore, the area calculated by
Scan-line Fill algorithm is always smaller or equal to the real area of reachable
space. This fact is confirmed in the Table 3.4 that all the values calculated by
Table 3.2: Range of movement of participant 6th, 7th and 10th
MCP PIP DIP
Participant 6th [0, 90] [5, 110] [0, 35]
Participant 7th [0, 85] [0, 110] [0, 15]
Participant 10th [-5, 45] [0, 115] [-5, 50]
Functional Range [33, 73] [36, 86] [20, 61]
Unit: degree (◦)
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Figure 3.8: Range of movements of participant 6th, 7th, 10th and functional
ROM are represented in reachable space.
Table 3.3: Comparison of execution time between explicit method and kine-
matic feed-forward (KFF) in finding reachable space, and between explicit
method and Scan-line Fill (SLF) in computing area of reachable space.
Find Reachable Space Compute Area
Explicit KFF Explicit SLF
(second) (second) (milisecond) (milisecond)
Full area 0.12 383 3.1 6.3
Functional 0.11 35 0.2 0.7
Grasp 0.10 1.5 0.06 0.17
Grip 0.10 1.5 0.06 0.19
Key 0.09 2.2 0.06 0.19
Pinch 0.10 4.1 0.06 0.17
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Table 3.4: Reachable space areas are computed by Scan-line Fill method (SLF)
and explicit method
SLF (mm2) Explicit (mm2)
Full reachable space 5081 5089.7
Functional space 1274.7 1275.5
Key pinch space 181.57 181.6
Tip pinch space 263.19 263.21
Grasp space 86.68 87.07
Grip space 140.86 141.69
Scan-line method is smaller than the values calculated by the explicit method.
Therefore finding the capacity of the reachable space is then straightforward,
accurate and faster.
In this work we provides an alternate approach to quantify the finger func-
tionality using the concept of reachable space. Although this research was
developed in a 2D setting, the underlying approach can easily be extended to
the “real” 3D physiological space. We have considered this case to present the
core ideas, as the angles of abduction/adduction at the MCP joint are often
small and not sufficiently emphasised in daily activities. Another limitation
in this research work was the absence of the Monte Carlo random sampling
implementation which can provide a better perspective to the performance of
our approach. However, the difference in performance between the proposed
approach and the Scan-line algorithm was deemed sufficient to confirm that
the approach is more relevant and appropriate than the existing approaches.
3.6 Summary
Building a more descriptive finger functionality profile using the reachable space
idea requires the bone lengths and the ROM making it specific for the indi-
vidual. By focusing only on the fingertip capabilities regardless of declina-
tion angles, the reachable space can avoid redundancies in angle configurations
due to the non-uniqueness of the declination angles for a given specific finger-
tip position. An experiment is conducted to confirm the advantages of using
reachable space rather than simply using declination angles. Our contributions
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to systems design arena is explicit formulae to find the reachable space via
boundary curves and the area of the reachable space while the computational
cost compared to other methods such as kinematic feed-forward method and
Scan-line Fill algorithm significantly less. We will to extend this work to find
the reachable spaces from a set of fingertip coordinates using depth sensor such
as Leap Motion Controller or Creative Senz3D Camera. The underlying work
is directly aimed at focussing on the characterisation of finger performance for
phalangeal rehabilitation.
Chapter 4
Deducing the reachable space
from fingertip position
4.1 Introduction
The reachable space of the finger can be obtained through directly measur-
ing all possible fingertip positions or deducing from the range of movement of
three joint angles. The former approach, which were used in studies [63, 103],
requires the examinees moving their fingers as much as possible to cover as
many points as possible in the reachable space. A post processing algorithm
need to compile the points in order to extract the trajectory of the finger move-
ment; indeed to assertion the points at which the movement does specifically
cover yet likely to be able to reach. However, in clinical settings, this pro-
cedure is impractical as the patients with finger injuries may not be able to
provide sufficient points for interpolation. The latter approach requires the
angle values of the three finger joints at the most extension position and the
most flexion position to deduce the reachable space in using the human hand
kinematic model and constraints. For both approaches, either using universal
goniometer to measure the joint angles or using marker-based motion tracking
system, such as Vicon and Optotrak [63,74], requires physical contact between
the device/marker and finger. Therefore, these facilities can affect the fingers
with injuries, burns or certain dermatological conditions. Optical measurement
schemes provide a non-contact form of measurements to eliminate such issues
and improve hygiene.
In recent years, the measurement of the fingertip trajectories with optical
sensors has become quite popular. Devices such as the Microsoft Kinect c©,
62
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the Leap Motion Controller c© (LMC) can offer a better solution tin capturing
hand movements. Recent studies have built 3D skeletal hand tracking system
[55, 85, 86] using the Kinect c© to facilitate the measurements of the hand for
medical use, and add to the Kinect c©’s functionality with available applications.
However, the Kinect c© is initially aimed at full body movement tracking and
have limitations concerning the accuracy required for finer finger movements
because of its low resolution of depth images and long range operation. The
LMC are optimized for short range gesture interaction despite its limitations.
Although LMC is capable of accurately tracking the fingertips, it track the
distal phalangeal joint position and the proximal interphalangeal joint position
less accurately. In fact, we found that the tracking algorithm behind the LMC
always maintains a ratio of two third for the distal phalangeal joint angle and
the proximal interphalangeal joint angle, and it is reasonable to do that since
the ratio of two third is one of the human hand constraints and was reported
in many studies [58]. However, relying on this information for measurement
purpose may lead to inaccurate measurement values as this constraint may
not necessarily be valid for the injured or fractured hand and some times even
normal hand [87]. Therefore, deducing the reachable space using measurement
values at these joints is unreliable.
This chapter uses the advantages in the LMC tracking fingertip positions
and avoids the weakness in the LMC to directly support an approach to deduce
the reachable space from only the fingertip positions. For each fingertip posi-
tion, we look for multiple set of configurations of the finger joints under human
hand constraints. All the configurations are subsequently unified to determined
the extension and flexion of joint angles, and subsequently deduce the reach-
able space. The details of the approach is discussed in the following sections.
In sections III, the forward kinematic model of the finger are utilized to deduce
the reachable space. In section IV, the multi-constraints inverse kinematics are
presented to find a configuration and its neighborhood to determine all possible
corresponding solutions for a specific fingertip position. We present concluding
remarks and future work in the final section.
4.2 The Reachable Space and Constraints
The reachable space of the finger can be simulated by exclusively compute
the fingertip positions for various values of α, αˆ, β, and γ within the specific
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Figure 4.1: Parametric description for the index finger.
static constraints. The static constraints refer to the range limits of joint
movements. A standard range of movement of a normal hand is summarized
in Table 4.1. The hand is limited not only to static constraints but also to
dynamic constraints. Dynamic constraints are essentially constraint between
joints. A widely used dynamic constraint is a the linear relationship between
DIP and PIP which is also used in Leap Motion:
γ =
2
3
β. (4.1)
However, this constraint is a too rough approximation for the intricate con-
trol of the hand [87]. As ElKoura et al. discussed after collecting approximately
20,000 samples, for applications such as playing guitar, there are significant dif-
ference in the finger interdependence. From the data collected by ElKoura, we
calculate the range of 99.7% population of the difference between DIP and PIP
with assumption that the population follows the normal distribution. The av-
erage difference and the standard deviation of ElKoura’s experiment as well as
the range of population of our calculation are summarized in Table 4.2. When
Table 4.1: The range of movement of a normal hand (static constraints)
MCP PIP DIP
0 – 100◦ 0 – 105◦ 0 – 85◦
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deducing the reachable space, we limit the dynamic constraint between DIP
and PIP to the numbers in this table. Thence it is remained the task to deter-
mine the static constraints of the finger which is the range of movement of the
joint angles. This task is presented in the next section.
4.3 Inverse Kinematics and Configurations of
the joint angles of the hand
In order to determine the range of movement of the finger joints for individual
hand, all possible configurations of the finger joints angles of that hand need to
be sought. The range of movement of the finger joints can be inferred from the
motion moves from the most extension position to the most flexion position.
At each position, inverse kinematics is used to find one of multiple solution
of configuration of the finger joints corresponding to that position. From this
solution, an exclusive searching procedure under the static constraints and
dynamic constraint is executed to find all possible solutions. The procedure
to find a solution for a particular fingertip position is presented as following.
We denote the coordinate of a point p is (x(p), y(p), z(p)). To simplify the
presentation, we choose the origin of the coordinate system at the point MCP,
hence the positions of all points is shifted by a distance of metacarpal bone l1.
The abduction/adduction angle αˆ can be obtained:
αˆ = atan
( ||~z(pT )||
||~x(pT )||
)
.
Table 4.2: Average, standard deviation and the range of 99.7% population of
the measured value of γ − 2
3
β in degrees over approximately 20,000 samples
Average Stddev Ra 99.7%
Index 2.91◦ 19.82◦ -56.55 – 62.37◦
Midle 4.24◦ 16.28◦ -44.60 – 53.08◦
Ring 0.80◦ 10.80◦ -31.60 – 33.20◦
Little 4.60◦ 15.03◦ -40.49 – 49.69◦
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We used the dynamic constraint (4.1) to reduce one degree of freedom. The
distance from the MCP to the fingertip is determined by:
s(β) = ||TMPRz(β)TPDRz(2
3
β)TDT ||.
The problem is to find value for the β so that
s(β) =
(
x2(pT ) + y
2(pT ) + z
2(pT )
) 1
2 = l5.
We can use iterative methods to approximate a good solution for this problem.
The approach seeks an update ∆β for the purpose of incrementing the β by
∆β:
β := β + ∆β.
The change of the distance caused by the change of β can be estimated as
∆s =
δs
δβ
∆β. (4.2)
The ∆β value should be chosen so that ∆s is approximately equal to s(β) −
l5. After the value of β is determined, we can find the value of γ using the
constraint (4.1). Finally, the value of α is determined by:
α = ξ − β − γ,
where
ξ = acos
(
(pT − pM).(~x(pT ) + ~z(pT ))
||pT − pM ||.||~x(pT ) + ~z(pT )||
)
. (4.3)
After a full configuration of finger joint is obtained, we seek other configu-
rations within the constraints reported in the Table 4.2. The resolution for this
search can be 5◦ since the clinical significance for range of movement measure-
ment is 5◦. With a particular value of α and a particular position of fingertip,
the kinematic model of the hand reveals unique solution for β and γ. This new
configuration of the finger joint need be under static and dynamic constraints
as mentioned in previous section.
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Figure 4.2: The motion path acquired from LMC and the corresponding reach-
able space.
Table 4.3: The range of motion calculated from the motion path
MCP PIP DIP
Ext 5◦ 5◦ 0◦
Flx 55◦ 80◦ 45◦
4.4 Simulation
The experiment procedure was approved by Deakin University Human Ethics
Advisory Group (HEAG) and all participants provide their written informed
consent to participate in this study. The experiments were performed with a
subject seated at a table with his arm on the hand elevator and the elbow
supported on the table. The LMC was placed on the table and slightly in front
of the participant hand. The LMC was connected to a computer implemented
the proposed approach. The participant performed a simple motion which was
recorded by the LMC. Subsequently, the reachable space corresponding to that
motion path was calculated and plotted in the Figure 4.2. The execution time
to deducing the reachable space from the motion path was 1.2 seconds. The
range of motion corresponding to the motion path was estimated and shown
in Table 4.3. The purpose of the simulation was limited to demonstrate the
practical characteristic of the proposed approach.
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4.5 Summary
Measuring the reachable space of the finger plays an important role in hand
assessment and rehabilitation procedures. Our contribution suggests one more
approaches to find the reachable space to the existing approaches of determining
the reachable space. The novelty here is the combination between the inverse
kinematic solver and the static and dynamic constraints of the human hand
to deduce the reachable space from the motion path of the fingertip positions
acquired from the LMC. This approach overcomes the weakness of the LMC
and exploit the ability of accurate tracking of the fingertips using the LMC.
In addition, this study is the first of its kind using the LMC to provide a
non-contact measurements to determine the reachable space. The study was
limited at the number of participants and a rigorous evaluation of the proposed
approach. In future work, a more detailed evaluation of the proposed approach
will be conducted with more subjects.
Chapter 5
Summative Scoring to evaluate
hand kinematic
5.1 Introduction
Occupational health issues receive interests across a wide spectrum of indus-
tries [117]. A report in 2006 estimated that direct U.S. workers’ compensation
costs for disability related workplace injuries and illnesses were $48.6 billion
[118]. Therefore, studying musculoskeletal disorders and analysing kinematic
performances are in high demand to improve existing techniques. Analysing
kinematic performance using non contact forms of measurements has advanced
significantly due to the development of advanced sensor technology. One of
the first research work in this area was Coley’s study [119] where the outcome
evaluation in post shoulder surgery rehabilitation was validated using 3D kine-
matic sensors employing traditional questionnaire based scoring mechanisms
,i.e. Disabilities of the Arm, Shoulder score (DASH) [120], Simple Shoulder
Test score [121]. In more recent work, Zariffa [122] and Liu [123] investigated
the assessment of functional properties after spinal cord injury. Liu presented a
novel myoelectric pattern recognition based approach for hand function restora-
tion after incomplete cervical spinal cord injuries [123].
Electronic systems to support kinematic measurement for clinical use in the
rehabilitation space were considered in recent years [55, 119, 124, 125]. These
systems, which are cheaper, portable and easy to use, are expected to assist
therapists and health care professionals to provide services with improved qual-
ity of care. A significant advantage of these systems is their ease of use as a
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home-based application, potentially reducing the frequency of patients’ travel-
ling to the hospital. Indeed this will provide more up-to-date information of
the functional capabilities and their improvement to the relevant therapist or
the appropriate health care provider to a preferred regularity. This is likely
to result in an enormous impact on the recovery time, personnel cost saving
and the much needed cost saving for the health care sector without risking
the quality of care as it provides regular information that has simply not been
available before.
Evaluation of kinematic performance in Coley’s study is simple and straight
forward [119]. However, analysis based only on angular velocity and spatial ac-
celerations does not take full advantage of all the information extracted from
3D kinematic sensors. Motion analysis has long been studied in many fields,
and is not limited to the medical area by any means. Hardware developments
such as the wearable system Fitzgerald introduced [126] combined virtual re-
ality to capture motion effects to facilitate bio-feedback. Using a combination
of a laser tracker and a magnetic tracker, Zetu optimised the physical rou-
tines of process workers in a manufacturing environment in order to improve
the production efficiency [127]. Humm investigated bio-mechanical patterns
of ballet dancers [128]. A Vicon c© system (Vicon Motion Systems Ltd) and
an electromyograph was used to record and understand typical movement tra-
jectories in ballet dancing to reduce injuries. In sport motion analysis, Wang
developed a novel algorithm to match the expert’s 3D reference motion with
a performer’s 2D input video [129]. Despite lacking 3D information of the
performer, this algorithm was capable of computing 3D posture errors that re-
flect the performer’s actual motion errors. The recovery after shoulder surgery
was studied and evaluated using 3D kinematic sensors by Coley [119]. Ni used
fuzzified neural networks to perform human activity monitoring which included
walking, running, sitting, lying and standing [130]. In more recent studies, Li
introduced a two synthetic component encoding model for human action based
on trajectory tracking [131]. Banos presented a study to characterise the win-
dowing procedures and looked at the impact of the window size in 33 fitness
activities [132]. The activities varied from movement such as lateral elevation
of arm and knee bending to complex actions such as cycling and waist rotation.
Barthelemy proposed a linguistic type approach for decomposition of motion
into atomic components for 3D trajectories [133].
The main idea in trajectory-based object motion analysis is the comparison
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between a new input trajectory with pre-determined motion trajectories in a
database(motion matching). The first generation of matching algorithms used
a simple point to point distance measure between two trajectories. Motion
matching for the purpose of motion recognition using a point to point distance
measure soon encountered limitations as data from similar movements tend to
appear differently due of various factors such as scale, rotation, sampling rate
and unequal sampling causing point to point distance measures ineffective.
Needham improved this technique by calculating the area between these tra-
jectories [134] . However, this technique only worked in 2D. To overcome this
problem, a new generation of matching algorithms appeared. Local features
of trajectories called signatures were defined for motion recognition [135, 136].
This signature performs better due to its flexibility than other shape descrip-
tors such as B-spline, NURBS, wavelet transformation and Fourier descriptor.
Trajectories represented by the signature and the descriptors are invariant to
spatial transformation. However, these algorithms which perform well in mo-
tion recognition tasks, are not suitable as scoring mechanisms in kinematic
performance assessment systems due to the scale differences and incorrect or
undesirable motion. Using the point to point distance measure as a trajectory
matching technique is deemed ineffective [137] particularly if the data has been
captured with different sampling rates which is generally the case in most prac-
tical situations. In this thesis, these challenges are addressed where appropriate
technique to evaluate the human kinematic performance more effectively was
introduced using a better scoring mechanism.
5.2 Material and Methods
5.2.1 Spatial Score
A scoring system is an essential component in kinematic performance assess-
ment and it can contribute significantly to the overall assessment process po-
tentially impacting therapeutic decisions. These enable the evaluation of the
exercise movements performed by a patient with respect to the prescribed ref-
erence motions prepared by a therapist or a health care professional. Scoring
mechanisms should essentially provide a measure of the proximity of a patient
motion to the reference motion. Also a good scoring mechanism should satisfy
the following conditions: invariant to velocity and sampling rate, sensitive to
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scale changes and dissimilarity. Therapists, health professionals and patients
cannot be expected to perform movements with consistent velocity patterns;
insensitive to velocity fluctuations. Therefore, the scoring mechanisms need
to consistently yield the same scores for motions having the same path but
different velocities and/or measured at different sampling rates. Naturally, the
scoring mechanism shares a common characteristic with other trajectory recog-
nition algorithms where a lower score for dissimilar motions and higher score
for similar motions. However, it is not practical to use trajectory recognition
algorithms for scoring system to evaluate the kinematic performance as scoring
mechanisms need to be sensitive to the scale differences. Referring to the ex-
ample depicted in Figure 5.1, the reference motion and the practice motion are
circular motions with different size due to different arm orientations. The hand
angle in the reference motion and the practice motion is about 80◦ and 45◦ re-
spectively. In this scenario, most of the trajectory recognition give a perfect
score or recognised as an identical motion. However, this does not reflect the
mechanism in the scoring system used to evaluate human kinetic performance
where a lower score should be given due to the scale difference or in brief, for
actions that are further apart. Note that in the scoring systems, skeleton height
and bone length of therapist and patients are scaled to the same number, or in
other words, they are normalised.
With these specific requirements, we propose a novel approach to serve
as a scoring mechanism. Our approach uses a summative approach involving
Euclidean distances to define a scoring mechanism for two 3D trajectories. The
underlying characterisation is presented as follows.
Considers a directed curve ξ1 with a length l1. A point E with coordinate
(xE, yE, zE)
T on ξ1 is described as E = ξ1(u) with 0 ≤ u ≤ l1.
Define the score, D(·, ·), from an arbitrary point P to a curve ξ1 :
D(P, ξ1) ,
∫
l1
d(P, ξ1(u)) du, (5.1)
where d(P, ξ1(u)) is Euclidean distance from point P to the point ξ1(u).
Score from curve ξ2 to curve ξ1:
∆(ξ2, ξ1) ,
∫
l2
D(ξ2(v), ξ1) dv (5.2)
=
∫
l2
∫
l1
d(ξ2(v), ξ1(u)) du dv. (5.3)
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Figure 5.1: Illustrating the need for scale sensitivity. The arm angle of reference
motion in the left is 80◦. The arm angle of the practice motion in the right is
45◦. Both motions are circular motions with different radius.
If ξ is a straight line segment length a, the score between ξ and itself is
the volume of two identical triangular pyramid as depicted in Figure 5.2a. If
ξ is a circle with perimeter a, the score between ξ and itself is the volume of a
cylinder with the circle as the base and height a (Figure 5.2b).
In the discrete case, the above definitions can be stated as follows. Trajec-
tory Γ1 with N points: Γ1 = {Γ1(u)} = {(xΓ1u , yΓ1u , zΓ1u )} where u = 1, .., N . Tra-
jectory Γ2 with M points: Γ2 = {Γ2(v)} = {(xΓ2v , yΓ2v , zΓ2v )} where v = 1, ..,M .
Score from a point P to a trajectory Γ1:
D(P,Γ1) =
N−1∑
u=1
A(P,Γ1(u),Γ1(u+ 1)), (5.4)
where A(I,Γ1(u),Γ1(u+ 1)) is the area of the triangle formed by three points
P , Γ1(u), Γ1(u+ 1).
Score from trajectory Γ1 to trajectory Γ2 is presented in (5.5) where V(Γ1(u),Γ1(u+
1),Γ2(v),Γ2(v + 1)) is the volume of the triangular pyramid formed by four
points Γ1(u), Γ1(u+ 1), Γ2(v + 1), Γ2(v) which can be computed via (5.6)
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(ξ)
a
a
a
a
a
a
∆(ξ, ξ)
(a) Spatial score between a straight line and itself is equal to the volume of 2 identical
triangular pyramids.
a
a
(ξ)
a ∆(ξ, ξ)
(b) Spatial score of a circle to itself is equal to the volume of a specific cylinder.
Figure 5.2: Spatial score of simple trajectories.
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∆(Γ1,Γ2) =
N−1∑
u=1
M−1∑
v=1
V(Γ1(u),Γ1(u+ 1),Γ2(v),Γ2(v + 1)), (5.5)
V(Γ1(u),Γ1(u+ 1),Γ2(v),Γ2(v + 1)) = abs

1
6
∣∣∣∣∣∣∣∣∣∣∣∣
xΓ1u y
Γ1
u z
Γ1
u 1
xΓ1u+1 y
Γ1
u+1 z
Γ1
u+1 1
xΓ2v y
Γ2
v z
Γ2
v 1
xΓ2v+1 y
Γ2
v+1 z
Γ2
v+1 1
∣∣∣∣∣∣∣∣∣∣∣∣
 .(5.6)
In our definition, a smaller score indicates a closer proximity to the reference
and a desirable outcome in the assessment process. However, in practice, a
higher score indicating a better correlation is preferred. Therefore, we use the
negative value of the previous definition to make it more comprehensible and
user friendly for the therapist as a quantitative measure. Finally, the score of
a practice motion Γ1 associated with a specific reference motion Γ2 is given by,
Gs = M−V(Γ1(u),Γ1(u+ 1),Γ2(v),Γ2(v + 1)), (5.7)
where M is a constant value for a specific reference motion decided by health
care professionals. The value of M is chosen so that Gs ≤ 0 if the score between
two trajectories is larger than a specific threshold M.
5.2.2 Normalised Spatial Score
An important characteristic of our approach is that it can easily be turned into
a scale invariant approach. The scale invariant feature provides the capability
of recognising a trajectory when subjected to scale changes. To achieve this,
the score is normalised by the length of the trajectory. All the equations in the
previous section can be rewritten with a slight modification to achieve this.
Distance from a point P to a curve ξ1:
δ(P, ξ1) =
1
l1
∫
l1
d(P, ξ1(u)) du. (5.8)
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Distance from curve ξ2 to curve ξ1:
Φ(ξ2, ξ1) =
1
l1l2
∫
l2
∫
l1
d(ξ2(v), ξ1(u)) du dv. (5.9)
Distance from a point P to a trajectory Γ1:
δ(P,Γ1) =
∑N−1
u=1 A(P,Γ1(u),Γ1(u+ 1))∑N−1
u=1 (Γ1(u+ 1)− Γ1(u))
. (5.10)
Therefore, the proximity measure(score) between trajectory Γ1 and trajec-
tory Γ2 is given by,
Φ(Γ1,Γ2) =
∑N−1
u=1
∑M−1
v=1 V(Γ1(u),Γ1(u+1),Γ2(v),Γ2(v+1))
(
∑N−1
u=1 (Γ1(u+1)−Γ1(u)))(
∑M−1
v=1 (Γ2(v+1)−Γ2(v)))
. (5.11)
5.2.3 Temporal Score
In certain therapeutic scenarios, health care providers are interested in the
flexibility of the relevant body parts which is directly related to the velocities
and the accelerations of the moving limbs. The supportive score we propose
to use under this scenario is based on temporal sampling. It is also assumed
that the coordinates are synchronised and the time sampling rate is constant.
Many algorithms support synchronised coordinates such as longest common
sub-sequences (LCSS) and dynamic time warping (DTW) [136, 138, 139]. In
this thesis, we suggest the use of LCSS which is more adaptive and forms
an appropriate distance measure for trajectory data than DTW [135]. The
algorithm of LCSS is summarised as below:
Give an integer δ and a real number  > 0, we define LCSSδ,(Γ1,Γ2) as
follows:
LCSSδ,(Γ1(u),Γ2(v)) ,
0 if Γ1 or Γ2 is empty
1 + LCSSδ,(Head(Γ1), Head(Γ2))
if |Γ1(u)− Γ2(v)| <  and |u− v| < δ
max(LCSSδ,(Head(Γ1),Γ2),
LCSSδ,(Γ1, Head(Γ2))) otherwise
(5.12)
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where Head(Γ) = [Γ(1), ..,Γ(n− 1)] for a given index n.
After the matching process using LCSS, velocity and acceleration of the
motion at each point is computed:
Γ′(u) = v(u) = (
∂xu
∂t
,
∂yu
∂t
,
∂zu
∂t
), (5.13)
Γ′′(u) = a(u) = (
∂2xu
∂t2
,
∂2yu
∂t2
,
∂2zu
∂t2
). (5.14)
The difference of velocity and acceleration at synchronised points can be used
to demonstrate the difference between practice motion and reference motion.
However, the interest in the therapist and medical professional is not only lim-
ited to the different between the practice motion and the reference motion but
also the improvement made by the patients from previous practices. Therefore,
it is necessary to make the temporal score comparable between two sets of tra-
jectories. Trajectory diversification is generally due to many factors such as
length, sampling rate, shape, noise etc. Subsequently, the synchronised points
of different trajectories may not be equally distributed on each of the trajectory
but it can also be different in the actual number of points making it difficult to
compare between temporal scores. To overcome this problem, each trajectory
is segmented into k parts equally based on time sequences. Assuming that we
found S synchronised points, in the same trajectory, the wth point (1 ≤ w ≤ S)
in the synchronised order is the s(w)th point (1 ≤ s(w) ≤ N) in the normal
time order and it is located at the coordinate of Γ(s(w)). The average veloc-
ity and average acceleration of these synchronised points in each segment are
calculated as :
Γ
′
(i) =
1
p(i)
 ∑
(i−1)N
k
≤s(w)≤ iN
k
Γ′(s(w))
 , (5.15)
Γ
′′
(i) =
1
p(i)
 ∑
(i−1)N
k
≤s(w)≤ iN
k
Γ′′(s(w))
 , (5.16)
where 1 ≤ i ≤ k, p(i) is the number of synchronized points found in part i.
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The temporal score is then computed at each segment as,
Gv(i) = ‖Γ′1(i)− Γ′2(i)‖, (5.17)
Ga(i) = ‖Γ′′1(i)− Γ′′2(i)‖, (5.18)
where ‖.‖ is Euclidean norm. Note that in this temporal score mechanism,
lesser value indicates better patient performance.
5.2.4 Elbow Points
In the spatial scoring mechanism, there is a significant computational cost if
the trajectory is longer or sampled at a higher rate. In other words, when the
number of points in the trajectories increases, the computational cost grows
by quadratic time O(n2). To improve the speed of computation, we employ
the ‘Elbow Points’ (EP) method [139]. The key idea is that not every point
on the trajectory plays the same role and has the same significance or weight.
Points that lie on a straight line can be represented by only two points at
the two end-point of the line. This property is demonstrated in the computer
simulated experiment section. Determination of whether points lying on a
straight line can be based on curvature. Curvature at a point Γ(u) is defined
as:
κ(u) =
‖v(u)× a(u)‖
v3(u)
, (5.19)
where
v(u) =
[(
∂xu
∂t
)2
+
(
∂yu
∂t
)2
+
(
∂zu
∂t
)2] 12
(5.20)
and ||.|| is Euclidean norm.
If a point has curvature larger that zero and less than a specific very small
threshold ε, then it is marked as straight point. In EP method, points with
curvature κ < ε will be removed from the trajectory. The original trajectory
can be reconstructed from the new trajectory if the coordinates of the elbow
points and their sequential orders are known. The new trajectory which con-
tains only the elbow points obviously requires much less computation than the
original trajectory. An illustration of the EP technique is presented in Figure
5.3. Here, we plotted the function f(x) = x sinx where x1 = 0, ..., x100 = 10pi
and xn+1 − xn = xn − xn−1. In Figure 5.3a, we can find a total of 39 elbow
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Figure 5.3: An Illustration of the elbow concept. Black points are elbow points
when κ > 0.05. White points with curvature less than 0.05 is removed from
the trajectory.
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points in the sinusoidal trajectory. In Figure 5.3b, we can find 48 elbow points
in the noisy sinusoidal trajectory. As the figure showing, the new trajectory
formed by elbow points is almost identical with the original trajectory. In
both trajectories, we use the value of 0.05 for the threshold ε. By removing
all the non-elbow points, we can reduce more than half of the points from the
trajectory. Roughly, this means that the cost of computing the score between
two trajectories using EP technique is equal to the cost of computing the score
between the two trajectories with twice the sampling rate without the EP tech-
nique. Hence, the cost has reduced by a factor of four due to the use of EP
technique.
5.3 Experimental Results
5.3.1 Characteristics of the Scoring Mechanism
To demonstrate the characteristics of our proposed mechanism aimed at a su-
perior scoring systems for kinematic performance, we simulate 5 straight line
trajectories with varying kinematics. Firstly, a straight line trajectory, called
origin trajectory Γ0, was simulated by randomly generating 2 points. 48 other
points were equally distributed on the straight line in the middle of 2 former
points. Secondly, a new trajectory Γ1 was created from the trajectory Γ0 by
minor shifting and rotating the trajectory Γ0. The trajectory Γ2 was iden-
tical to the trajectory Γ1 except that it was sampled at a higher data rate.
There were 100 points in the trajectory Γ2. The trajectory Γ3 was generated
by randomly removing points from the trajectory Γ2 so that the number of
point in the trajectory Γ3 was 50. The trajectory Γ4 was generated by scaling
the trajectory Γ1 0.6 times while maintaining the same sampling rate equally
distributed in the time scale. In other words, the trajectories Γ4 had the same
direction to the trajectories Γ1 and has 0.6 times the length the trajectories Γ1
with 30 points. Finally, the trajectory Γ5 was generated by adding noise to the
trajectory Γ1. To this end, we have enough trajectories required to benchmark
the functionalities of our proposed mechanism: 1. invariant with velocity (Γ2);
2. invariant with sampling rate (Γ3); 3. sensitivity to scaling (Γ4); 4. sensitiv-
ity to dissimilarity (Γ5). These six trajectories are depicted in Figure 5.4. In
Figure 5.4, for the ease of comparison and visualization, we placed 5 simulated
line in same figure with the positions of simulated lines are shifted though their
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Figure 5.4: Simulation of linear trajectories
Table 5.1: Simulation results
∆ (standard) Φ (normalized)
(Γ0,Γ1) 74935 0.1745
(Γ0,Γ2) 74935 0.1745
(Γ0,Γ3) 74935 0.1745
(Γ0,Γ4) 44349 0.1745
(Γ0,Γ5) 847410 1.9626
positions are overlapped in the experiment as described above.
The computed score between the trajectory Γ1 and other trajectories are
given in Table 5.1. In terms of the standard score, ∆(Γ0,Γ2) and ∆(Γ0,Γ3)
having the same value as ∆(Γ0,Γ1) implies that our proposed method is in-
variant to velocity and sampling rate. Values of ∆(Γ0,Γ4) and ∆(Γ0,Γ5) are
different to ∆(Γ0,Γ1) and this implies that the mechanism is sensitive to scal-
ing and dissimilarity. In terms of normalised score, the mechanism discards the
scaling differences as mentioned in the previous section, hence only the value of
∆(Γ0,Γ5) is different to others. The ability to distinguish dissimilarity between
trajectories is further discussed in the next section with appropriate datasets.
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Figure 5.5: Trajectories of Australian Sign Language: ‘Norway’, ‘alive’, ‘crazy’
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5.3.2 Ability to Discriminate Trajectories with Real Data
Ability to discriminate dissimilarity in actual trajectories requires a realistic
dataset rather than the trajectories generated in a simulated environment. In
this experiment, we demonstrate this via recognition of trajectories. A public
dataset Australian Sign Language (ASL) [140], obtained from University of
California at Irvine’s Knowledge Discovery, was used for this experiment. The
ASL trajectory dataset consists of 95 sign classes (words), and 27 samples were
captured for each sign word. The coordinates x, y and z were extracted from the
sign feature sets to calculate the trajectory signature. The length of the samples
were not fixed. To compare the performance of our proposed approach with
previous research work, we set up the experiment exactly the same as Bashir’s
experiment [141]. In that experiment, three sign words ‘Norway’, ‘alive’ and
‘crazy’ were used. Each sign word category has 70 trajectories. Trajectory of a
sign word in each sign word are presented in Figure 5.5. Half of the trajectories
from each category were used for training, and the remaining ones were used
for testing. After 40 iterations, we achieved the correction rate of 85.85% for
our approach (SS) and 86.19% for our approach combined with Elbow Point
approach (ESS), in which ε = 0.5 gave a 25% point reduction. The results of
each category recognition rate are indicated in Table 5.2. The recognition rate
of our approach is compared with the pose normalization method, which was
introduced by Croitoru [135], PCA-based Gaussian mixture models and global
Gaussian mixture models, which was introduced by Bashir [141], in Table 5.3.
Using the same dataset and experimental configuration, our proposed method
has a better recognition rate than Bashir’s method. One of the advantage of
Bashir’s method is the invariant of orientation which is a good feature for a
trajectory recognition algorithm. This result demonstrates the capability of
our proposed method in assessing the closeness between trajectories compared
to other motion matching algorithms. In addition, the method is sensitive to
scale changes, the characteristic that no other algorithm possess to the best of
the author’s knowledge from the reported literature. This is a key attribute
that any algorithm used for evaluation of human performance needs to possess
as stated in section 5.2.1. A systematic guide to choose the best curvature
threshold value for ESS approach for this dataset is given in Table 5.4. For
each threshold, we iterate the experiment to achieve the average correction rate
and the point removal rate. The results show that the greater the threshold,
the more points were removed, the worse recognition rate is. In this dataset,
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Table 5.2: The confusion matrix of recognition result for SS method
Test Outcome
‘Norway’ ‘alive’ ‘crazy’
Condition
‘Norway’ 90.57% 1.57% 7.86%
‘alive’ 5.86% 90.71% 3.43%
‘crazy’ 18.29% 5.43% 76.28%
Table 5.3: The comparison of recognition rate between our approach and other
approaches
Method Correction rate (%)
SS (proposed) 85.85
ESS (proposed) 86.19
PCA-based GMM 84.76
Global GMM 69.61
Pose Normalization 52.38
choosing ε = 10 gives a balance between recognition rate and point removal
rate (we prefer a higher point removal rate for a lesser computational cost).
5.3.3 A Scoring Mechanism for Evaluation of Human
Kinematic Performance
In this last experiment, we apply the scoring mechanism to evaluate human
kinematic performance. The dataset ASL was collected from five signers in-
cluding a sign linguist, a natural signer-signing from youth, 2 professional Aus-
lan interpreter, and a novice signer. Consider 3rd, 5th and the 6th pattern of
the sign word category ‘Norway’. The 3rd pattern from the natural signer is
Table 5.4: The comparison of experimental results between different curvature
thresholds.
Curvature Number of Correction Time Time per frame
threshold removed points rate (%) (second) (milisecond)
0.1 20 (23%) 87.3 151 1.2
0.5 22 (25%) 86.2 144 0.836
1 25 (28%) 86.2 135 0.796
5 46 (52%) 86.8 84 0.795
10 60 (68%) 85.2 55 1.078
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used as a reference motion. The 5th and 6th pattern from novice signer is used
as the first practice motion and the second practice motion, respectively. Be-
cause the data were collected from the same person, the later motion would
have a better performance than the former motion because at the moment he
performed the motion, he had done more practice on that motion. This hy-
pothesis is confirmed with our analysis follow. We apply SS (Section 5.2.1) to
calculate the score between reference motion and the first practice motion giv-
ing a score of 0.0894. Choosing G = 1, we have a spatial score value of 0.9106.
Then, we compute the score between the reference motion and the second prac-
tice motion resulting in a score of 0.0854. Therefore, its spatial score value is
0.9146. The spatial score value of the second practice motion is higher than
the spatial score value of the first practice motion and hence we can deduce
that the patient performs the exercise in the second time better than in the
first time. The temporal score for the velocity and the acceleration of the first
practice motion and the second practice motion are shown in Figure 5.6a and
Figure 5.6b. In these figures, the velocity score of the second practice motion
is smaller and less fluctuated than the velocity score of the first motion. This
demonstrated the second practice motion is better in replicating the reference
motion than the first practice motion. Similarly, the acceleration score of the
second practice motion is smaller and less fluctuated than the velocity score of
the first motion. The execution time of 0.0334 seconds is efficient and practical
for widely using. These analysis is an example of using the proposed scoring
mechanism to evaluate human kinematic performance.
5.4 Summary
In this chapter, we introduced a novel scoring mechanism for the evaluation
of human kinematic performances. The scoring mechanism includes spatial
scoring as well as temporal scoring that is generally used to evaluate limb
dexterity. We proposed a novel approach for partial scoring and demonstrated
several experiments to emphasized on the superiority of the proposed technique
with respect to relevant underlying measures including the computational as-
pects. The approach is not only suitable for skill assessment and rehabilitation
movement assessment systems, but also in the performance evaluation of the
generic motion recognition tasks. With commercially available devices such as
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Microsoft Kinect c©, our characterisation index can be used in exercise moni-
toring and particularly in the area of exercise based rehabilitation with bio-
feedback. It is expected more work in the future to be focus on the evaluation
of human performance in activity of daily living (ADL) as well as in skill as-
sessment which is destined to spark interest among health care providers and
policy makers. We will extend this method to address the multipoint problem
to provide a more sophisticated and complete assessment paradigm.
Chapter 6
Conclusion
The evaluation of the range of motion is a crucial component in hand function
assessment. Limitation in movement severely impairs the functionality of the
hand, and hence thorough evaluation of the range of motion is of great impor-
tance. This thesis has presented a systematic investigation into the assessment
of hand function. In this thesis, we have confirmed and validated the usabil-
ity of infra-red motion capture sensor for clinical measurement purposes. This
system has the potential to become a standard tool for measuring the range of
motion of the hand. To evaluate the range of motion with a complete dextral
and quantitative profile, we have proposed a new scheme to quantify the range
of motion using the reachable space concept. Our proposed formulation enable
the determination of the boundary and the capacity of the reachable space
from either finger joint range of motion or fingertip positions. Furthermore,
in this thesis, we also proposed a method to define the similarity between two
trajectories typically generated by hand movements. This method can be used
to evaluate and quantify motion patterns of the patient’s hand movement in
comparison to healthy subjects.
The significance of this thesis lies in the theoretical development and prac-
tical application in the assessment of hand function. The use of technology in
healthcare reduces cost and enhances the quality of service and patient comfort.
One of the outcomes of this research indicates that infrared motion capture
sensors such as Creative Senz3D Camera can be used to measure hand range
of motion in clinical settings. This offers an alternative option for clinicians.
These sensors are better conventional tools in measuring the hand range of
motion due to its non-contact characteristic. Nevertheless, the system should
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be further validated in a trial with patients having hand conditions. In addi-
tion, the proposed approach can be used in many other potential applications
involving quantitative assessment of finger functionality. A non-contact pha-
langeal measurement system has the potential to become a standard facility in
assessing hand function, offering an additional choice in clinical use. In the sec-
ond main contribution, a set of formulas to explicitly find the reachable space
of the hand and also to determine its capacity was proposed. Building a more
descriptive finger functionality profile with bone lengths and ROM using the
reachable space concept provides a more personalised and accurate description
of the finger flexibility. By examining only on the fingertip position regardless
of joint declination angles, the reachable space can eliminate redundancies in
angle posture due to the non-uniqueness of declination angles for a given specific
fingertip position. This opens a new direction in the assessment of the range of
motion of the hand. Although the theory is limited to bidimension, this should
not prevent clinicians from using this new method in their assessment protocol.
Lastly, the method to evaluate the closeness between trajectories contributes
to the development of automated assessment systems which is an active area in
recent years. The approach is not only suitable for skill assessment and rehabil-
itation movement assessment systems, but also in the performance evaluation
of the generic motion recognition tasks. With commercially available devices
such as Microsoft Kinect c©, our characterisation index can be used in exercise
monitoring and particularly in the area of exercise based rehabilitation with
bio-feedback.
There are some possible future extensions to the research presented in this
thesis. The measurement system can be developed to other e-health applica-
tions, for instant integration of the system into hospital environment and to
enhance client satisfaction. The work of reachable space in chapter 3 and 4
can be extended to 3-dimension space. The final target is the characterisa-
tion of finger performance for phalangeal rehabilitation. Lastly, the method
to evaluate the closeness between trajectories can be expanded to multiple
points to provide a more sophisticated and complete assessment in rehabili-
tation area. The research work in this thesis can be employed to develop a
cloud-based measurement and tele-assessment framework for the hand. The
sensing and measurement technologies can assist the clinicians to provide an
improved healthcare system at a reduced cost. The system will enable pa-
tient to have their hand measured and monitored with fewer visits clinics or
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hospitals.
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